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Abstract 

 

The inherent multidimensional nature of complex genetic diseases calls 

for the development of new statistical methods designed to discover some 

components of the “missing heritability” problem. Here, we develop and explore 

the performance of a novel statistical approach based on haplotype sharing 

concepts. The approach is motivated by the fact that a new variant in a 

population arising via mutation or migration will reside on a unique haplotype. 

Assuming the new allele does not become extinct, recombination events at each 

generation will gradually shorten the haplotype among those with the allele. 

Thus, on average, relatively recent alleles should reside on longer haplotypes 

compared to random haplotypes not under positive selection. My statistics 

employs generalized linear models and generalized estimating equations to test 

for associations between shared haplotype lengths and traits. Due to the 

possibility of high number of haplotypes in the model, I also proposed an 

extension of the statistics that incorporates principal component analysis to 

alleviate potential collinearity that might inflate the type I error rate of the statistic. 

 I explored the validity and performance of the statistics, using a forward-

time genetic simulation approach, in 993 independent individuals from the 

HapMap Phase 3 dataset. This population was simulated under random mating, 

assuming no selective pressure, a mutation rate of 10-8/bp/generations, and a 

recombination rate of 10-8/bp/generation for 500 generations until it reached 

50,000 individuals. After the initial burn-in period, the disease allele was 

introduced and the population continued random mating under the same 
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conditions until the disease allele frequency was approximately 0.005. The 

disease phenotype is generated as a function of the presence or absence of the 

disease allele.  

The simulation studies show that our proposed statistics have: 1) the 

appropriate size, 2) greater power than existing haplotype sharing statistics, e.g. 

the HSS or CROSS test, and 3) greater power relative to popular rare variant 

tests (e.g. SKAT-O) under the simulation conditions. I then analyzed data from 

the Insulin Resistance Atherosclerosis Study-Family Study – designed to identify 

the genetic basis of insulin resistance and adiposity – and identified a known 

variant with stronger evidence of association than classic association methods. 
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Chapter 1 Introduction 

 

Complex Traits 

Many common diseases in the population, such as type 2 diabetes (T2D), 

asthma, schizophrenia and coronary artery disease (CAD), are influenced by a 

combination of genetics, environment, and lifestyle factors. Although complex 

disease runs in families, unlike single-gene ‘Mendelian’ disorders, it does not 

have a clear pattern of inheritance (classic single-gene ‘Mendelian’ dominant, 

additive or recessive), possibly due to one or more of the following characteristics 

: incomplete penetrance (individual does not express a trait even though it carries 

disease predisposing alleles), phenocopy (a phenotype caused by non-genetic 

factors matches a phenotype which determined by genetic factors), polygenic 

inheritance (inheritance of a trait is influenced by more than one genetic factors), 

and gene-environment interaction.  Here, environment can be interpreted to be 

any non-genetic factor and may include epigenetic factors. 

An important step in understanding the genetic influences of a complex 

disease is to identify the genes that play a role in the etiology of the disease. 

Historically, a popular approach to gene mapping was motivated by the positional 

cloning paradigm based on linkage analysis of family data, with subsequent fine 

mapping and tests of individual marker association with the trait(s). This 

approach can be traced back to the work of (Fisher 1935). Linkage analysis is a 

powerful approach to map the location of rare genetic variants with large effect 

as typically seen in a Mendelian disorder. However, the positional cloning 
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paradigm in the pre-sequencing era had limited success in mapping complex 

genetic traits. 

Risch and Merikangas proposed a statistical association based approach 

for studying complex traits that leveraged the rapidly evolving genomic 

technologies (Risch et al. 1996). The development of microarray technologies 

that greatly accelerated the speed of genotyping large numbers of markers in 

many samples while improving the accuracy and reducing the cost, made 

genome wide association studies (GWAS) feasible. Numerous GWAS have been 

completed in the past two decades and large international consortia for the 

analysis and meta-analysis of large samples have identified a large number of 

risk variants for many different diseases (e.g., cancer, cardiovascular disease, 

type 2 diabetes, systemic lupus erythematosus, arthritis). These associations 

have been catalogued (https://www.genome.gov/26525384/catalog-of-published-

genomewide-association-studies/) and, interestingly, there are numerous 

unexpected discoveries that bring new insight into disease etiology. The rapid 

evolution of sequencing technologies will further enhance the ability to identify 

both common and rare variants.   

The combination of common variants found by GWAS studies explain only 

a small proportion of heritability - the portion of phenotypic variance explained by 

additive genetic components  (Manolio et al. 2009); albeit, this proportion varies 

considerably by disease. Many explanations for this ‘missing heritability’ have 

been suggested. This includes rare variants with possibly large effects, imprecise 

phenotyping, inadequate power to detect gene-gene interactions, and structural 

https://www.genome.gov/26525384/catalog-of-published-genomewide-association-studies/
https://www.genome.gov/26525384/catalog-of-published-genomewide-association-studies/
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variants not captured by standard GWAS array. The development of alternative 

statistical methods and detection algorithms to address this missing heritability 

problem is an active area of research.  

 

Association Analysis  

Association analysis tests whether the disease allele and a marker allele 

are in LD (Linkage Disequilibrium). LD measures the deviation from 

independence between the alleles at two loci. The two most commonly used 

measures of LD are r2 and D’. Consider two biallelic loci with allele A and a in the 

first locus and with allele B and b in the second locus. The allele frequencies can 

be denoted as pA, pa, pB, and pb respectively, and let pAB, pAb, paB, and pab 

indicates the corresponding haplotype frequencies. The classic definition of 

linkage disequilibrium is 𝐷 = 𝑝𝐴𝐵 − 𝑝𝐴𝑝𝐵, a measure that indicates the deviation 

between the expected haplotype frequency and the product of two allele 

frequencies. The LD measure D is allele frequencies dependent; to adjust for 

allele frequencies, two LD measures out of many others: D’ and r2 are 

suggested. D’ is defined as  

𝐷′ =

{
 

 
𝐷

min(𝑝𝐴𝑝𝑏 , 𝑝𝑎𝑝𝐵)
𝑖𝑓𝐷 > 0

𝐷

min(𝑝𝐴𝑝𝐵, 𝑝𝑎𝑝𝑏)
𝑖𝑓𝐷 < 0

 

While, r2 is defined as 

𝑟2 =
𝐷2

𝑝𝐴𝑝𝑎𝑝𝐵𝑝𝑏
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The main limitation in genetic association analysis is the presence of 

confounding that can cause inflation or loss of power in the test statistics. 

Population stratification and hidden substructures are the primary sources of 

confounders that can cause false association between unlinked loci. Approaches 

such as Genomic Controls (GC) (Devlin & Roeder 1999) ADMIXTURE 

(Alexander et al. 2009) and EIGENSTRAT (Price et al. 2006) can be employed to 

solve this problem.  

The Genomic Control approach assumes that the effect of confounding is 

constant across the genome. To estimate the inflation factor, it assumes that the 

vast majority of the genome (or test computed) is under the null hypothesis and 

the test statistic’s distribution can be used to provide an empirical correction to 

the test. For example, if a million markers are tested for association, the 

distribution of the 1 degree of freedom chi square tests for the additive model can 

be estimated and the median or mean value used to globally adjust the value of 

the test statistic. Alternative approaches focus on the impact of population 

substructure due to ancestry. For example, using the program ADMIXTURE, the 

analyst can estimate the vector of ancestry proportion and these estimates can 

be used as covariates in a model. Alternatively, the program EIGENSTRAT 

computes the principal components of the genotype matrix. The top principal 

components are used for covariates adjustment under the assumption that those 

principal components capture the effect of population stratification. These 

approaches have been effective in eliminating the global ancestral confounding 

effects on tests of association. 
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Haplotype sharing statistics 

As a complement to association analysis, haplotype analysis offers a 

powerful alternative approach for fine mapping disease predisposing 

polymorphisms. One type of haplotype analysis approach is based on the 

haplotype sharing statistics. The haplotype sharing approach was originally 

proposed by (te Meerman et al. 1995). It is based on the idea that individuals that 

carry the disease allele share longer stretches of haplotypes in the genomic 

region of interest compared to controls individual because the control haplotypes 

are assumed to be older and have many more recombination events than the 

cases haplotypes. Haplotype sharing length is usually defined as the number of 

alleles matching contiguously, upstream and downstream from a specific locus. 

This haplotype sharing idea has been extended and improved in several ways.  

(Bourgain et al. 2000) proposed the Maximum Identity Length Contrast 

(MILC) method. MILC contrasts the average haplotype sharing length among all 

transmitted haplotypes with the average haplotype sharing length among all non-

transmitted haplotypes in a TDT-like setting. The test statistic is based on the 

maximum of these contrasts among all markers in the selected genomic region. 

The p-value for the test statistic is computed using a resampling procedure. It 

has been applied to the study of Celiac disease (Bourgain et al. 2001).  

(Lange & Boehnke 2004) proposed the Haplotype Run Test (HRT) that 

extends the MILC method. Instead of contrasting the average sharing of 

transmitted and untransmitted haplotypes, the HRT only computes the average 
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haplotype sharing length among the transmitted haplotypes. Additionally, HRT 

also incorporate weighting by estimated allele frequency and a forgiveness 

penalty due to imprecise genotyping. The significance of the HRT test is 

evaluated by permutation test by randomly permutes the transmitted haplotypes.  

Another extension has been proposed by (Nolte et al. 2007). They 

developed a haplotype sharing test called the CROSS test. The main idea of this 

test is that a case and a control haplotype in the region of a disease locus should 

have less haplotype sharing than two random haplotypes. (Allen & Satten 2009) 

extends the original haplotype sharing test which they called the p test and the 

CROSS test by developing a linear model framework for those tests that allows 

for population stratification adjustment for case-control study. Similar tests that 

apply for continuous traits also have been developed by (Lin et al. 2012): SIMp 

and SIMc are the continuous trait versions of the p test and the CROSS test, 

respectively.  

I recognized that the haplotype sharing statistics can be motivated by 

micro evolutionary and population genetics principle. Specifically, when a new 

variant arises in a population via mutation or migration, it will reside on a unique 

haplotype. Assuming the new allele does not become extinct, recombination 

events in each generation will tend to shorten the haplotype length among those 

with the allele. Thus, on average, relatively recent alleles should reside on longer 

haplotypes compared to random haplotypes not under positive selection. These 

population genetics characteristics suggest that the haplotype sharing statistics 

may be an important class of tests for identifying recent, rare variants. 
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Haplotype phasing 

Each individual carries two sets of chromosomes; one set is inherited from 

the father and another set from the mother. In individual with multimarker 

genotype, knowing haplotype phase means that we know which allele in the 

genotype belong to which haplotype. Once haplotype phase is known, we can 

get a linear ordering of alleles in the same chromosome. Haplotype-based 

statistical methods require haplotype phase to be known or probabilistically 

estimated. The process to infer haplotype phase from genotype data is known as 

haplotype phasing. Clark’s algorithm (Clark 1990) was the first published method 

for haplotype phasing. This method is based on parsimony and seeks to find 

solutions with least number of possible haplotypes. Clark’s method works well on 

tightly-linked genetic markers. 

The next iteration of haplotype phase inference is based on EM 

(Expectation-Maximization) algorithm (Dempster et al. 1977). Although it is 

originally intended as a method to find the MLE for unknown parameters when 

the model includes some latent variables or has missing data, a few researchers: 

(Excoffier & Slatkin 1995; Hawley & Kidd 1995; Long et al. 1995) have used EM 

algorithm to infer haplotype frequencies and haplotype phase for unrelated 

individuals. The basic EM algorithm works well for a small number of genetic 

markers (typically up to around 10 with current computing capabilities). However, 

it quickly runs into computational problems as the number of genetic markers 

increases. 
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 The state-of-the-art haplotype phasing method is based on approximate 

coalescent models. These methods ultimately motivated the use of Hidden 

Markov Models (HMM) for haplotype inference. The intuition behind this model is 

the recognition that a few haplotypes are common and new haplotypes are 

derived from old haplotypes by mutation and recombination process. PHASE 

(Stephens et al. 2001), fastPHASE (Scheet & Stephens 2006), MACH (Li et al. 

2010), BEAGLE (Browning & Browning 2007), SHAPE-IT (Delaneau et al. 2012), 

and IMPUTE2 (Howie et al. 2009) are examples of various generally similar 

algorithms that incorporate approximate coalescent models to infer haplotype 

phase. Typically, the hidden states are similar haplotypes that form template 

haplotypes or haplotype clusters. Clustering the haplotypes has the advantage of 

keeping the number of underlying hidden states relatively low. With a good 

choice of emission and transition probability, learning algorithms such as Viterbi 

algorithm (Viterbi 1967) or stochastic EM algorithm (Celeux & Diebolt 1985; 

Tregouet et al. 2004) are used to “learn” the parameters of the HMM that give 

rises to the most likely haplotypes given the genotype data. 

 

Population genetic data simulation  

 Population genetic data simulators have been used by researchers to 

study genetic diversity in a population and test the hypothesis of how genetic 

variants can influence the development of diseases. Simulation is also useful to 

evaluate the performance of new statistical methodologies. For example, to test 

the performance of a new rare variant analysis tool, population genetic data 
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simulator can simulate causal disease variants at specific locations and control 

the allele frequencies to meet the rarity criteria. A relatively recent review gave a 

comprehensive comparison of population genetic data simulators that can 

includes the effects of natural selection, recombination, gene conversion, 

admixtures, environmental effects, and many other complex demographic factors 

(Yuan et al. 2012).  

There are two main categories to perform population genetic simulation: 

forward-time and backward- time (coalescent model). In a forward-time 

approach, the evolution of an initial population is tracked over time under various 

evolutionary forces over multiple generations. Samples usually are drawn from 

the final generation. Assume that in the current generation, we have a population 

of N diploid individuals with i copies of allele a and (2N-i) copies of allele A. The 

probability of getting j copies of allele a in the next generation under Wright-

Fisher model follows a binomial distribution: 

Pr(𝑎𝑡+1 = 𝑗|𝑎𝑡 = 𝑖) = (
2𝑁
𝑗
) (

𝑖

2𝑁
)
𝑗

(1 −
𝑖

2𝑁
)
2𝑁−𝑗

. 

Forward-time simulation is simpler in its approach and has the flexibility to 

simulate complex evolutionary scenario with complex selection and penetrance 

models. As a tradeoff, this approach is computationally less efficient than the 

coalescent approach. 

Coalescent approach starts from a collection of individuals in the present 

and works backward in time until all alleles trace back to a single ancestor 

termed the most recent common ancestor (MRCA). After the MRCA of all 

individuals is found, the evolutionary process works forward in time up to the 
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current generation and assigns mutations, according to a specific mutation rate 

(μ), and other genetic information to individuals on the genealogy tree.  

  

Dissertation objectives 

The overarching goal of this dissertation is the exploration and 

development of the shared haplotype regression methods to map genetic 

variants involved in the etiology of a complex disease. A special emphasis is 

placed on applying these methods to rare variants, a topic of importance in the 

disease mapping field. 

In Chapter 2, I describe in detail the development of the Shared Haplotype 

Length Regression (SHLR) method. I also include the description of the 

assumptions behind the method and describe the simulation study conducted to 

validate the SHLR method. In Chapter 3, I develop an extension of the SHLR 

method that incorporates Principal Component Analysis as a way to reduce the 

dimensionality of the haplotype sharing matrix. In Chapter 4, I develop an R-

package that bundles the SHLR methods and describe by example how to 

complete the analysis using the R implementation. Finally, I conclude with a 

discussion of the conclusions and some possible extensions in Chapter 5. 

 

  



11 
 

Chapter 2 Shared Haplotype Length Regression and Rare Variant Tests of 

Association  

 

Satria P. Sajuthi and Carl D. Langefeld 

This manuscript was submitted to Statistics in Medicine (3/16/2016) 
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Abstract 

A new variant arising via mutation or migration will reside on a unique 

haplotype. Assuming it does not become extinct, recombination events will 

gradually shorten the haplotype among those with the allele. Thus, on average, 

relatively recent alleles should reside on longer haplotypes versus random 

haplotypes not under positive selection. Here, we introduce a novel statistical 

approach that employs generalized linear models and generalized estimating 

equations to test for associations between shared haplotype lengths and traits. 

 We explored the performance of our test statistics, using SimuPOP 

software, in 993 independent individuals from the HapMap Phase 3 dataset. This 

population was simulated under random mating, no selective pressure, a 

mutation rate of 10-8/bp/generations, and a recombination rate of 10-

8/bp/generation for 500 generations until it reached 50,000 individuals. After the 

initial burn-in period, the disease allele was introduced and the population 

continued random mating under the same conditions until the disease allele 

frequency was approximately 0.005. The disease phenotype is generated as a 

function of the presence or absence of the disease allele.  

Our simulations show that our statistics have: 1) the appropriate size, 2) 

greater power than existing haplotype sharing statistics, e.g. the p or cross test, 

and 3) greater power relative to popular rare variant tests (e.g. SKAT-O) under 

our simulation conditions. We then analyzed data from the Insulin Resistance 

Atherosclerosis Study-Family Study – designed to identify the genetic basis of 
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insulin resistance and adiposity – and identified a known variant with stronger 

evidence of association than classic association methods.  

 

Keywords: Haplotype sharing statistic; rare variant test; GLM; GEE  

Introduction 

Incorporating microevolutionary and population genetics principles into 

design of statistical methods could increase the statistical power to discover 

novel trait-influencing and disease-predisposing variants. This may be 

particularly true for rare variants, historically difficult to detect and likely 

contributing to the “missing heritability” problem (Manolio et al. 2009).  When a 

new variant arises in a population via mutation or migration, it will reside on a 

unique haplotype. Assuming the new allele does not become extinct, 

recombination events in each generation will tend to shorten the haplotype length 

among those with the allele. Thus, on average, relatively recent alleles should 

reside on longer haplotypes compared to random haplotypes not under positive 

selection.  

Most popular tests of association do not attempt to leverage 

microevolutionary and population genetic principles to search for trait-marker 

associations.  One exception is the class of haplotype sharing statistics; their 

tests may be statistically more powerful than those omitting these principles in 

certain circumstances (te Meerman et al. 1995). For a binary trait, (Allen & Satten 

2009) developed a general framework with two tests, a p test and a CROSS test. 
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The p test is an extension of the original haplotype-sharing statistic (Van der 

Meulen & te Meerman 1997) that compares the lengths of shared haplotypes 

between cases and controls. The CROSS test (Nolte et al. 2007) is an extension 

that tests whether haplotypes among cases and controls show less sharing than 

two random haplotypes. Similar tests for continuous traits also have been 

developed (Lin et al. 2012): SIMp and SIMc are continuous trait versions of the p 

test and the cross test, respectively. These tests perform well on common 

variants, but there is little evidence that they work on rare causal variants.  

In this paper, we propose and develop novel haplotype-sharing methods 

particularly well-suited to identify genomic regions with recent and rare causal 

variants. In the region near the disease susceptibility locus, we expect that on 

average, the shared haplotype length of the haplotypes with the recent disease-

predisposing allele will be longer than other observed haplotypes. Our methods 

employ the similarity measure of haplotype lengths and model them using 

generalized linear models and generalized estimating equations. These flexible 

methods allow analyses of both binary and continuous phenotypes from 

unrelated and pedigree data. We explore the use of data reduction methods such 

as principal components to more parsimoniously account for the variation in the 

similarity matrix. We compare the performance of our proposed tests with the p 

and cross test, the standard single-marker analysis (e.g., logistics regression), 

and a popular rare variant method (SKAT-O). Finally, we applied our approach to 

family data from the Insulin Resistance Atherosclerosis Study-Family Study, a 

study designed to identify the genetic basis of insulin resistance and adiposity.   
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Material and Methods 

Similarity Measure 

The shared haplotype length between two haplotypes is computed at a 

genomic locus k by counting the number of contiguous alleles that match 

upstream and downstream from locus k.  We denote sk(h1,h2) as the shared 

haplotype length between haplotypes h1 and h2 at locus k. If we consider a 

haplotype with a fixed number of single nucleotide polymorphisms (SNP), L, then 

there are 2L possible haplotypes. However, due to finite sample size (N) and 

linkage disequilibrium among neighboring loci, the number of distinct haplotypes 

in the sample is less than or equal the minimum of 2N and 2L.  

To simplify the notation, we will ignore the subscript k when computing the 

haplotype sharing length between the two haplotypes. We denote the haplotype-

sharing matrix S in which each element, S(i,j), is the haplotype-sharing length 

between the haplotypes of the ith category and the jth category. If the haplotype 

phase is known, the haplotype content for each individual can be represented by 

a haplotype vector. For diploid organisms, the individual haplotype vector is 

defined as  

 

ℾ(ℎ𝑖) =
1

2
(

𝐼(ℎ𝑖1 = 1) + 𝐼(ℎ𝑖2 = 1)

𝐼(ℎ𝑖1 = 2) + 𝐼(ℎ𝑖2 = 2)
⋮

𝐼(ℎ𝑖1 = 𝑀) + 𝐼(ℎ𝑖2 = M)

), 

 

(1) 

 

where 𝐼(. ) is an indicator function and M is the number of distinct haplotypes.  
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Phase Uncertainty  

We use the same strategy as (Allen & Satten 2009) to account for 

haplotype phase uncertainty. First, the genotype data are phased using the 

program SHAPEIT2 (Delaneau et al. 2012). From the phased genotype, we 

construct the empirical distribution of diplotype given the multilocus genotype. 

We denote this empirical distribution by 𝜑(ℎ|𝑔). When the haplotype phase is 

unknown, we can reconstruct a new individual haplotype vector ℾ̃(ℎ𝑖) =

∑ ℾ(ℎ𝑖)𝜑(ℎ𝑖|𝑔𝑖)ℎ𝑖∈𝐻(𝑔𝑖)
, where 𝐻(𝑔𝑖) is the set of diplotypes that are consistent 

with multilocus genotype 𝑔𝑖. This new haplotype vector has the jth component 

equal to the expected proportion of haplotypes of category j based on the 

empirical probability model𝜑(ℎ|𝑔). 

Generalized Linear Model for Haplotype Sharing Length Regression 

We consider the model  

 𝑔(𝐸[𝒚]) = 𝑪𝜶 + 𝑿𝜷, 

 

(2) 

 

where g(.) is the canonical link function for the exponential family data, α is the 

vector of covariate effects including the intercept, and β is the vector of length m 

of regression coefficients of the haplotype sharing in the region. X is an n x m 

matrix of haplotype sharing length, where each element X(i,j) is the aggregate 

measure of haplotype-sharing length of individual i relative to a reference 

haplotype of the jth category. Reference haplotypes are constructed by selecting 
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haplotypes from data with haplotype frequency greater than an adjustable 

threshold𝜹.  

Each person has two haplotypes, one maternal and one paternal. We 

needed a way to aggregate two haplotype-sharing measures into one; the 

approach outlined here is directly applicable to polyploidy organisms. We explore 

two ways of combining haplotype-sharing lengths: 1) adding two haplotype-

sharing lengths together into one sharing length, and 2) taking the maximum of 

the two haplotype-sharing lengths. We denote the former as SHLR-sum and the 

latter as SHLR-max.  

The design matrix for SHLR-sum is defined as: 

 𝑋(𝑖, 𝑗) = ℾ(ℎ𝑖)
′𝑆𝑒𝑗, (3) 

 

where 𝑒𝑗 is the elementary vector with the same dimension as ℾ. 

For SHLR-max, the design matrix is defined as: 

 𝑋(𝑖, 𝑗) = max[ℾ(ℎ𝑖)𝑜(𝑆𝑒𝑗)]. (4) 

 

If the haplotype phase is unknown, ℾ(ℎ𝑖)is replaced by ℾ̃(ℎ𝑖) in the equation for 

SHLR-sum and SHLR-max.  

One potential problem in constructing the design matrix of haplotype-

sharing length is multicollinearity among predictors, which could potentially lead 

to poor fit of the model to the data. Before statistical testing, we can reduce the 
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collinearity in the design matrix by performing principal component analysis 

(PCA) on X. The appropriate number of principal components to retain can be 

selected from the visual inspection of the scree plot or from automatic selection 

with the use of profile likelihood (Zhu & Ghodsi 2006). 

Test Statistics 

Under the GLM framework, we can construct a score test for the null 

hypothesis of no haplotype effect: H0: β =0. Under the assumption of 

independence between genetic and environmental effects, the score statistic is 

defined as  

 𝑇 = 𝑼𝜷
′ 𝑽𝜷

−1𝑼𝜷. (5) 

 

This score statistic has a large sample 𝜒2 distribution with degrees of 

freedom equal to the rank of 𝑽𝜷. The score vector 𝑼𝜷 is defined as  

 𝑼𝜷 = 𝑿′
𝒚−�̂�

𝑎(𝜑)
, (6) 

 

 where �̂� is the expected value of y under the null model.  

We can rewrite model (2) as (𝐸[𝒚]) = 𝒁𝜸 , where Z is [𝑪 𝑿] and 𝜸 is [
𝜶
𝜷]. 

Based on the GLM theory, the variance of the score vector 𝑼𝜷can be written as 

𝑽𝜷 = 𝑽𝜷𝜷 − 𝑽𝜷𝜶𝑽𝜶𝜷
−𝟏𝑽𝜶𝜷 , where Vij is the appropriate submatrix of the matrix V.  

 𝑽 = 𝒁′𝑑𝑖𝑎𝑔 (
𝒃′′(𝜽)

𝑎(𝜑)
)𝒁. (7) 
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The appropriate substitutions of 𝑎(𝜑) and 𝑏′′(𝜃) will be needed to 

construct a valid test statistic on an assumed trait’s distribution. These functions 

for commonly used distributions are defined in Table I. 

Extension to Family Data 

A common gene mapping study design includes pedigree data or data 

from related individuals.  We can extend the shared haplotype regression model 

(SHLR) described above to analyze family data by using the generalized 

estimating equation (GEE1) approach (Zeger & Liang 1986). Considering a 

sample of i independent families with ti individuals per family, we can relate the 

marginal response to the linear combination of covariates with the scalar form of 

equation (2). Without loss of generality, we assume that t is equal to ti. 

 𝑔(𝐸[𝒚𝒊𝒕]) = 𝒄𝒊𝒕
𝑻𝜶 + 𝒙𝒊𝒕

𝑻𝜷 (8) 

 

The additional assumption of the family variance-covariance structure can 

be defined as: 

 
𝑉𝑎𝑟(𝑌𝑖) = 𝑉𝑖 = ∅𝐴𝑖

1

2𝑅𝑖(𝛼)𝐴𝑖

1

2. 
(9) 

 

Here, 𝐴𝑖 is a diagonal matrix such that each element on the diagonal is the 

variance function of the mean; ∅is the dispersion parameter; and 𝑅𝑖 is the 

correlation structure for the ith family indexed by correlation parameter𝛼. The 

kinship coefficients within a family can be used as a known correlation matrix, 
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which should negate the need to estimate𝛼. Alternatively, Balding-Nichols 

(Balding & Nichols 1995) relatedness matrix can also be used. 

The estimates of 𝛽 and ∅are solutions of generalized estimating 

equations found by iteratively estimating 𝛽 for fixed values of ∅, and estimating ∅ 

for fixed values of 𝛽. We use a multivariate Wald test for testing the null 

hypothesis of no haplotype effect: H0: β =0. The test statistic has the form of 

�̂�𝑇�̂��̂� with degrees of freedom equal to the rank of �̂�. We denote the GEE1 

version of SHLR as SHLR-fam. In the simulation study, we investigate the use of 

a model-based (naïve) and an empirical (sandwich) estimator for estimating 𝛴 in 

the context of SHLR-fam.  

Simulation Study 

To evaluate the type I error rate and the power of our test statistics, 

forward-time simulations of a human population were computed. The simulation 

study was completed using SimuPOP software (Peng & Amos 2008). First, we 

generate an initial population of 993 independent individuals from the HapMap 

Phase 3 dataset (International HapMap 3 Consortium 2010). This population 

underwent random mating for 500 generations until it reached 50,000 individuals 

(assuming no selective pressure), a mutation rate of 1x10-8 

mutations/bp/generation, and a recombination rate of 10-8 

recombinations/bp/generation. 

After this initial burn-in period, the disease allele was introduced at a fixed 

locus. The population continued random matting under the above assumptions 
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for another X generations until the disease allele frequency reaches 

approximately 0.005. We choose to simulate disease allele frequency trajectories 

in a backward-time manner as implemented in the SimuPOP library. Using this 

approach, a trajectory can be generated by a model that assumes n copies of the 

disease allele at time t and proceeds backward in time until the allele is lost.  

Similar to (Lee et al. 2012), the disease risk is assumed to follow a logistic 

model, 𝑙𝑜𝑔𝑖𝑡(𝑃(𝑌 = 1)) = 𝛼 + ∑ 𝛽𝑖𝐺𝑖
𝑚
𝑖=1  , where m is the number of disease loci, 

𝐺𝑖 is the genotype at disease locus i under the an additive genetic model, and βi 

is the genetic effect for the ith causal variant. The prevalence of the disease was 

set at 0.05. Treatment for continuous phenotypes was computed analogously. To 

generate an analysis sample, cases and controls were selected from the 

population at the final generation. For simulations that require family data, we 

retained the pedigree information. The final population consisted of individuals 

from the last two generations and their pedigree information. The number of 

offspring for each family was assumed to follow a Poisson distribution with mean 

of 2.3. The analysis dataset was then generated by sampling nuclear families 

from this final population. 

A series of simulation conditions were computed on a disease model with 

a binary phenotype and one causal variant in a region. We considered eight 

different levels of maximum age of causal allele: 150, 300, 450, 600, 750, 900, 

and 1200 generations. To control for causal variant age, backward trajectory of 

the causal allele is generated by sampling from a Markov chain under a Wright-

Fisher model (Slatkin 2001). This model assumes i copies of a disease allele at 
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t=T and proceeds backwards in time until the allele is lost (t=0). We also 

evaluated the effect on our test statistics of varying window size. Six different 

datasets with window sizes of 15, 30, 45, 60, 75, and 90 markers were 

generated. For all these conditions, the causal variant was removed from the 

final datasets before statistical analysis. 

Finally, we also generated datasets with seven causal variants in the 

region. We further stratified the datasets by considering incomplete data caused 

by not genotyping all causal variants. Thus, there were three different datasets: 

all causal variants genotyped, half the causal variants genotyped, and no causal 

variants genotyped.  

We compared the statistical power of our tests with: the HSS-Haplotype 

Sharing Statistic (referred to as a p-test or a CROSS test in (Allen & Satten 

2009), the haplotype association test (HAP) (Schaid et al. 2002), the single 

marker logistic regression test on an additive genetic model, and a popular rare 

variant association method, SKAT-O (Lee et al. 2012). 

As previously described by (Van der Meulen & te Meerman 1997; Allen & 

Satten 2009; Nolte et al. 2007), the HSS is a haplotype-based test that derives its 

inference from the difference between average haplotype sharing length in case 

and control haplotypes. The original statistic has the form of a U-statistic with 

unrestricted window size. (Allen & Satten 2009) modified this statistic by focusing 

on haplotypes of fixed length. By working within a fixed window, they modeled 

the original HSS using a logistic model, where each subject contributes 
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haplotypes-sharing lengths and the subject’s haplotypes are compared with all 

other haplotypes from all other subjects. 

The cross test is a variant of HSS that tests the difference between the 

average haplotype-sharing length in case-control haplotype pairs and average 

haplotype-sharing length of random haplotypes. The original implementation 

uses a randomization procedure to compute the significance of the test. (Allen & 

Satten 2009) recognized that the cross statistic can be represented as a 

quadratic form of normal variables and has a mixture of χ2  distributions. They 

use a computationally efficient three moment approximation (Imhof 1961) to 

approximate the distribution.  

SKAT-O is popular kernel-based regression method to detect rare variant 

associations in an extended gene region. We specify the weight to be computed 

from Beta(MAF,α,β) density function with parameter α=1 and β=25. Hence, it 

downweights the similarities contributed by common variants and upweights the 

similarities contributed by rare variants.  

All statistics except SKAT-O are computed on the same marker location. 

Those statistics are computed on top of the causal variant when it is genotyped; 

otherwise, the center of the window is chosen as the test location. Power was 

computed as the proportion of significant association test at the α=0.05 level. For 

each simulation condition, power was computed with and without the existence of 

genotype information of the causal variant; these power calculations were based 

on 1000 replicated datasets and 𝜹 was set to 0.005 for our test statistics. To 
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capture a broad spectrum of power under these two conditions, we fixed the 

causal variant’s OR=3 when the variant’s genotype data are included in the 

analysis and OR=5 when the variant is excluded in the analysis. Varying the 

magnitude of the OR impacts the power but not the qualitative results of the 

comparisons. 

Results 

Type-I Error Rates 

Under the assumption of one causal variant in a region, 10,000 replicated 

datasets were generated assuming no genetic effect. The sample size for each 

replication was set to 1,000 cases and 1,000 controls. The type I error rates 

along with the 95% confidence intervals for SHLR-sum, SHLR-max, and 

haplotype regression are presented in Table II. The p-value for SHLR-sum was 

slightly too conservative in the tail of the distribution, and the p-value for 

haplotype regression was slightly liberal. 

We generated 5,000 datasets with continuous phenotypes. The sample 

size for each replication was 1,000 nuclear families. We applied the GEE1 

version of SHLR-max and SHLR-sum to these datasets with both the naïve and 

sandwich variance estimators. The type I error was inflated for both the naïve 

and sandwich variance estimators (Table III). We hypothesized that this inflation 

of the type I error rate might be caused by model instability due to high 

collinearity among the predictors in the design matrix. We note that the inflation 

was higher when the robust estimator was used. To help reduce the type I error 
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inflation, we applied PCA to the design matrix X and recomputed the statistics on 

the reduced design matrix. This approach reduced the inflation of the type I error 

rate and the resulting tests had the correct size (Table III).   

Statistical Power as a Function of Causal Variant Age 

The datasets for this simulation study are generated using the 

evolutionary algorithm previously described and with maximum causal variant 

ages set to 150, 300, 450, 600, 750, 900, and 1200.  

Figure 1 depicts the statistical power of our test statistics and those of the 

other comparative statistics across the maximum causal variant age range. 

When the causal variant was not genotyped, SHLR-sum and SHLR-max had 

greater power than all other test statistics except the cross test at the extreme 

end of the causal variant age. The power of our tests steadily declined at 

approximately the 600th generation. These results were anticipated because of 

more frequent recombination events (i.e., generations). Overall, our tests 

performed best (i.e. had greater power), followed by HAP, cross test, single-

marker test logistic regression, SKAT-O, and HSS, respectively. The cross test 

appeared to perform consistently across different causal variant ages.  In 

contrast, when the causal variant was genotyped, the single-marker logistic 

regression test and SKAT-O had greater power.      

Statistical Power as a Function of Window Size 

The size of the window within which the shared haplotype length is 

computed affects computational time and ability to distinguish distinct haplotypes. 
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As the length of window increases, so does the amount of time to compute SHLR 

tests. This increase in the computational cost results in greater resolution of the 

haplotypes, such that greater (i.e., longer) sharing can be detected up to the 

length of window size. Ultimately, if the window size continues to increase, all 

haplotypes will be distinct, but computational time will become unrealistic and the 

power of haplotype-sharing tests will be diminished. 

To evaluate the effect of the window size, we used the simulated dataset 

with the maximum causal variant age of 300 and the window size set to 15, 30, 

45, 60, 75, and 90 markers, respectively. Windows were symmetric about the 

causal variant. Figure 2 presents the statistical power of all test statistics as a 

function of window size.    

When the causal variant was not genotyped, our tests and HAP had 

greater power than the other tests as the window size increases. When the 

causal variant was genotyped, all tests follow a similar pattern to the power curve 

in Figure 2A, except that the single-marker logistic regression test and SKAT-O 

exhibited the greatest power. The HSS has decreasing power as the window size 

increased.  

Statistical Power on a Region with Multiple Causal Variants 

We simulated datasets with seven causal variants in a 100-marker 

window, such that one of the causal variants has a causal allele frequency of 

0.005 and the other causal variants had allele frequencies of 0.001.   
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Overall, the SHLRs have the greatest power across all conditions when no 

causal variants are genotyped.  The HAP was comparable in this situation and 

the SKAT-O and HSS had the least power among these tests (Table IV). When 

half of the 0.001 frequency causal variants are genotyped, the SHLR, HAP and 

SKAT-O had comparable power. However, when more than half of the variants, 

specifically including variants with frequency of 0.005, are genotyped, the SKAT-

O had the greatest power followed by the SHLR statistics.   

Application to Data from the Insulin Resistance Atherosclerosis Family 

Study   

The Insulin Resistance Atherosclerosis Family Study (IRAS-FS) was 

designed to identify the genetic basis of insulin resistance and adiposity. 

Subjects were recruited from clinical centers in San Luis Valley, Colorado and 

San Antonio, Texas. Multipoint linkage analysis showed striking evidence for 

linkage of plasma levels of adiponectin to chromosome 3q27 with a LOD score 

8.21 (Bowden et al. 2010). Follow-up genotyping in this region identified 40 rare 

and common variants that were tested for association, yielding an association at 

G45R within the ADIPOQ gene (p-value=5x10-40). This variant results in amino 

acid change with the R variant associated with lower adiponectin levels (An et al. 

2013). G45R is a rare variant with minor allele frequency of 0.011 with dbSNP id 

of rs200573126. 

We used IRAS-FS genotype data from the ADIPOQ region and flanking 

markers 500 kb upstream and downstream from it. First, the G45R variant in the 
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region was removed from the dataset to replicate the scenario where the rare 

causal variant is not directly genotyped. We applied SHLR-fam to these data with 

the following configurations: window size of 250 markers, naïve variance 

estimator instead of a sandwich estimator, and PCA was computed on the design 

matrix where the number of principal components retained explained at least 

80% of the total variance. Akin to the previous single locus association analysis, 

SHLR-fam analysis was also adjusted for gender, age, center, and ancestry 

proportion. Figure 3 depicts the result of the SHLR-fam and single locus 

association scans on the ADIPOQ region. The G45R variant, also known as 

rs200573126, is located at chr3:186,570,980 on GRCh37. While both SHLR-max 

and SHLR-sum provide strong evidence of association on a small region about 

the G45R variant, the single marker association analysis provided no evidence of 

an association in the absence of genotyping the G45R locus.   

Discussion 

Motivated by microevolutionary and population genetics principles, we 

developed SHLR tests of association that can accommodate data from unrelated 

individuals and families. There are two forms of the approach: SHLR-sum and 

SHLR-max.  SHLR-sum combines the information from both haplotypes in an 

individual, while SHLR-max uses the maximum haplotype length as a measure of 

similarity. The results of our analyses using simulated data and IRAS-FS data 

demonstrate the ability of our statistics to detect genomic regions harboring 

disease- predisposing alleles. Both variants performed well across different 

simulated data scenarios. The high power of haplotype-sharing statistics when 
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none or only a portion of the causal variants are genotyped suggests the benefit 

of leveraging shared haplotype length information to overcome the lack of linkage 

disequilibrium between ungenotyped rare causal variants and their surrounding 

genetic markers.  

To test our approach using real data, we applied the SHLR-fam method to 

the ADIPOQ region in IRAS-FS data, and successfully recovered the previously 

identified signal in that region. We used SHLR-fam with the naïve variance 

estimator as opposed to the sandwich variance estimator because our empirical 

investigation showed moderate type I error inflation for the latter. As shown in 

Table IV, the use of a naïve variance estimator in conjunction with PCA on 

SHLR-fam achieves the correct I error under our simulation conditions. (Trégouët 

et al. 1997) has addressed the use of GEE for genetic association studies with 

various family structures.  

Computationally, constructing the design matrix for SHLR-sum is faster 

than SHLR-max, since only one matrix multiplication is needed between the 

individual haplotypes row-vector stacked as a matrix and the similarity matrix of 

haplotypes. The haplotype-sharing measure we employed is a phase-dependent 

metric, which is more powerful than other measures that disregard phase (Tzeng 

et al. 2009). However, (Allen & Satten 2008) have shown that phase 

misspecification of haplotypes can cause inflated type-I error rates.  

Although our simulation study focuses heavily on rare causal variants, our 

methods also work for common causal variants. Limited simulations on common 
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variants have been performed and our methods are comparable to slightly better 

than the single marker test, when the causal variant is not genotyped 

(Supplemental Table I). The strength of the haplotype-sharing statistic lies in the 

detection of recent mutations that predispose to disease, but do not have to be 

very low frequency variants. Further simulations need to be performed to 

evaluate the robustness of our tests in the presence of common causal variants 

with different population genetic parameters.  

Finding the optimal window size influences the performance and the 

computational cost of the haplotype-sharing statistics. This parameter selection 

problem is still an open question (Schaid 2004). However, the extent of haplotype 

sharing is influenced by the age of the variants in the region. This fact could help 

one to select the best window size if an estimated age of the disease is known 

(which is uncommon). However, some information on the age of the haplotype 

might be inferred by the relative performance of the statistics as a function of the 

window size.  The common practice to choose a window size is to partition the 

chromosomal regions into haplotype blocks based on linkage disequilibrium 

patterns (Gabriel et al. 2002). To decrease computation time, we could initially 

scan the whole genome with a modest window size, and then focus on select 

regions of interest with larger window sizes. 

Although our methods perform more slowly than simple single-marker 

association tests because of the need to incorporate haplotypic information, we 

believe they hold additional value in discovering rare causal variants. We 

recommend the use of haplotype-sharing statistics as a complement to a 
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standard genome-wide association scan to localize regions with causal variants 

that are missed by a standard association test.  We have completed genome-

wide association studies for 20 traits in the IRAS-FS using the SHLR methods 

within a month. Furthermore, we performed two-point linkage and standard 

association analyses for family data.  In a typical two-stage study design fashion 

(Breslow et al. 2009; Schaid et al. 2013), we can then focus on the regions that 

meet some genome-wide significant threshold (e.g.: 5x10-8). After these have 

been identified, we need to identify the haplotypes contributing to the disease 

trait. One approach is to examine effect sizes of individual haplotypes in the 

model, or use a leverage statistic to find individuals with longer shared- haplotype 

lengths. After the candidate haplotypes are found, targeted sequencing studies 

on individuals with those haplotypes could potentially locate the causal variants.  
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Table I. Generalized Linear Model Functions for Normal and Binomial 
Distributions 

 

 

 

1) o : The entry-wise product of two vectors 

  

Distribution 𝑎(𝜑) 𝒃′′(𝜽) 

Normal 𝜎𝑚𝑠𝑒
2  1 

Binomial 1 �̂�𝑜(𝟏 − �̂�)1) 
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Table II. Type I Error of Shared Haplotype Length Regression Statistics 

Method 

Type I Error 

0.01 0.05 0.1 

SHLR-sum 0.007 (0.005,0.009) 0.050 (0.046, 0.054) 0.103 (0.097, 0.109) 

SHLR-max 0.009 (0.007,0.011) 0.054 (0.050, 0.058) 0.103 (0.097, 0.109) 

HAP-Haplotype 

Regression 

0.009 (0.007,0.011) 0.057 (0.052, 0.062) 0.116 (0.110, 0.122) 
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Table III. Type I Error of Shared Haplotype Length Regression for Family Data 

(SHLR-fam) Statistics with 𝛂=0.05 

Variance Estimator Method 

SHLR-sum SHLR-max 

Empirical (Sandwich)  0.130 (0.120-0.139) 0.139 (0.129-0.148) 

Model-based (Naïve) 0.062 (0.055-0.068) 0.067 (0.060-0.074) 

Naïve + PCA(95%) (a) 0.057 (0.051-0.064) 0.064 (0.058-0.071) 

Naïve + PCA(90%) 0.058 (0.052-0.065) 0.058 (0.052-0.064) 

Naïve + PCA(85%) 0.055 (0.049-0.062) 0.063 (0.056-0.070) 

Naïve + PCA(80%) 0.054 (0.048-0.060) 0.059 (0.053-0.066) 

Naïve + PCA(75%) 0.050 (0.044-0.056) 0.057 (0.050-0.063) 

(a) : PCA was computed on the design matrix X. The top principal components 

that explain the percentage of total variations, in parentheses, are retained. 
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Table IV. Power to Detect Association in a Region with Multiple Causal Variants 

Number of causal 

variant genotyped 

CROSS HSS SHLR-

SUM 

SHLR-

MAX 

HAP SKAT-O 

None .52 .15 .66 .65 .63 .19 

50%, all at 0.001 AF 1) .50 .15 .62 .60 .58 .63 

50%, one of them at 

0.005 AF .52 .27 .72 .70 .61 .96 

All .52 .39 .75 .62 .52 .99 

1) AF : Allele frequency 
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Figure 1. Power curves for the seven tests when A) the causal variant is not 

genotyped with OR=5, and B) the causal variant is genotyped with OR=3. The x-

axis is the maximum causal variant age, and the y-axis is estimated power.  The 

95% confidence interval of power is indicated by the vertical line around the 

power. 
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Figure 2. Power curves of the six multi-markers tests and single marker test with 

varying window sizes when A) the causal variant is not genotyped with OR=5, 

and B) the causal variant is genotyped with OR=3. The x-axis is window size, 

and the y-axis is estimated power. The 95% confidence interval of power is 

indicated by the vertical line around the power. 
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Figure 3. The association results between genetic polymorphisms at the 

ADIPOQ gene region and serum adiponectin level in data from the Insulin 

Resistance Atherosclerosis Family Study. The physical position of the genetic 

marker is based on GRCh37. The ADIPOQ gene spans from chr3:186,560,463 

to chr3:186,576,252. The association result of previously identified G45R variant, 

which is located at position chr3:186,570,980, is not genotyped in this figure. 
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Supp. Table I. Power to Detect Association of Common Causal Variants. The 

simulation study to generate data with common causal variants was similar to the 

one described in the main text. Mild selection pressure with selection coefficient 

of 0.01 was enforced to the evolutionary process to guarantee the causal allele to 

reach 0.15 AF. We generated 1,000 replicated datasets. The sample size for 

each replication was set to 2,000 cases and 2,000 controls. The odds ratio was 

set to 1.2. 

 

 

 

 

 

 

 

 

  

Variant Age 

(generations) 

SHLR-SUM SHLR-MAX Single-Marker 

400 0.197 0.209 0.158 

500 0.214 0.228 0.192 

600 0.216 0.224 0.176 

700 0.235 0.249 0.194 

800 0.272 0.289 0.168 
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Abstract 

Background and Objective: On average, relatively recent alleles should reside 

on longer haplotypes compared to random haplotypes. Shared Haplotype Length 

Regression (SHLR) is a statistical method designed to leverage this population 

genetics principle to identify genomic regions that harbor more recent trait-

predisposing variants. Due to potential multicollinearity among predictors as 

haplotypes diversify, we develop a new SHLR method that employs Principal 

Components Analysis (PCA) to reduce the dimensionality of the design matrix for 

test of associations. Methods: There are two forms of the SHLR statistics: SHLR 

and SHLR-fam. The former employs generalized linear models and the latter 

employs generalized estimating equations to test for association between shared 

haplotype lengths and traits.  We explore the impact of PCA on the performance 

of both versions of SHLR statistics via simulating an entire human population 

using SimuPOP software. We start with an initial population of 993 independent 

individuals from the HapMap Phase 3 dataset. This initial population is simulated 

under random mating, no selective pressure, a mutation rate of 10-

8/bp/generations and a recombination rate of 10-8/bp/generation for 500 

generations until it reached 50,000 individuals. After the initial burn-in period, the 

disease allele is introduced and the population continues random mating under 

the same conditions until the disease allele frequency reach approximately 

0.005. The disease phenotype is generated as a function of the presence of the 

disease allele. Results and Conclusions: Our simulation studies show that 

employing PCA can improve type I error rate for SHLR-fam. Our simulation 
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studies also suggest an improvement of statistical power to detect association in 

populations with high haplotypes diversity over the SHLR method without PCA.   
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Introduction 

On average, relatively recent alleles should reside on longer haplotypes 

compared to random haplotypes. Shared Haplotype Length Regression (SHLR) 

is a statistical method designed to leverage this population genetics principle to 

identify genomic regions that harbor more recent trait-predisposing variants. 

SHLR is originally designed to use the shared haplotype length measure 

between each individual haplotypes with all other haplotypes except the very rare 

haplotypes. As rare haplotypes are typically derived from common haplotypes, 

adding those rare haplotypes into the model would greatly increase the degrees 

of freedom of the test, potentially without the additional benefits of adding 

relevant information.  

Previously, we have shown that the SHLR performs best on a sufficiently 

large window that can discern the effect haplotypes from background noise. As 

we increase the size of the window, the number of distinct haplotypes in the 

model increases, even after removing rare haplotypes. This can give rises to 

multicollinearity among predictors, which could potentially lead to poor fit of the 

model to the data. 

In this paper, we introduce SHLR-PC that uses Principal Components 

Analysis (PCA) to reduce the dimensionality of the design matrix for test of 

shared haplotype length associations. We explore the impact of the number of 

principal components in the design matrix to power and type I error of the SHLR 



44 
 

statistics. We also explore the combination of fixed haplotype frequency 

threshold and PCA on the performance of SHLR statistics. 

 

Material and Methods 

Linear Model for Shared Haplotype Length Regression (SHLR) 

Consider a haplotype with a fixed number of biallelic markers L. The 

number of distinct haplotypes in the sample is denoted by m, which is far less 

than 2𝐿. An m by m haplotype sharing matrix S can be constructed from these m 

distinct haplotypes by counting the number of contiguous alleles that match 

upstream and downstream from a specific locus k. When the haplotype phase is 

known, the individual haplotype vector can be defined as 

 

ℾ(ℎ𝑖) =
1

2
(

𝐼(ℎ𝑖1 = 1) + 𝐼(ℎ𝑖2 = 1)

𝐼(ℎ𝑖1 = 2) + 𝐼(ℎ𝑖2 = 2)
⋮

𝐼(ℎ𝑖1 = 𝑚) + 𝐼(ℎ𝑖2 = m)

), 

 

(10) 

 

Where I(.) is an indicator function, and hij is the jth haplotype of the ith 

individual. From estimated phased haplotypes, we can construct the empirical 

distribution of diplotype given the multilocus genotype denoted by∅(ℎ|𝑔). When 

the haplotype phase is unknown, we can reconstruct a new individual haplotype 

vectorℾ(ℎ𝑖) = ∑ ∅(ℎ𝑖|𝑔𝑖)ℎ𝑖∈𝐻(𝑔𝑖)
, where 𝐻(𝑔𝑖) is the set of diplotypes that are 

consistent with multilocus genotype 𝑔𝑖.  

We consider the linear model  
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 𝑔(𝐸[𝒚]) = 𝑪𝜶 + 𝑿𝜷, (11) 

 

where g(.) is the canonical link function for the exponential family, α is the vector 

of covariate effects including the intercept and β is the vector of regression 

coefficients of the haplotype sharing in the region. X is an n x m matrix of 

haplotype sharing length, where each element X(i,j) is the aggregate measure of 

haplotype sharing length of individual i relative to a reference haplotype of the jth 

category.  

We consider three different ways to construct the design matrix X, which 

corresponds to three different statistics that we called HAP, SHLR_sum, and 

SHLR_max. The design matrix for HAP statistic is constructed by simply stacking 

ℾ(ℎ𝑖)′ row by row for all individuals; essentially, it is a design matrix for the 

haplotype association test.  The design matrix for the SHLR_sum can be 

constructed by adding two haplotype sharing lengths together into one sharing 

length. Formally, it can be written as  

 𝑋(𝑖, 𝑗) = ℾ(ℎ𝑖)
′𝑆𝑒𝑗, (12) 

 

where 𝑒𝑗 is the elementary vector with the same dimension as ℾ. SHLR_max 

design matrix is constructed by taking the maximum of the two haplotype sharing 

lengths. It is defined as: 

 𝑋(𝑖, 𝑗) = ‖ℾ(ℎ𝑖)𝑜(𝑆𝑒𝑗)‖∞. (13) 
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In the construction of the design matrix, we consider haplotypes with 

haplotype frequency greater than a threshold 𝜹. Let 𝐶𝜹be the collection of indices 

such that the frequency of the reference haplotype j is greater than 𝜹. We denote 

by 𝑋𝜹 the reduced data matrix consisting of the columns of 𝑋 corresponding to𝐶𝜹.  

Principal Component Regression  

Assume that the columns of 𝑋𝜹 have been centered to have mean 0. The 

singular value decomposition (SVD) of  𝑋𝜹 is  

 𝑋𝜹 = 𝑈𝜹𝐷𝜹𝑉𝜹
𝑇, (14) 

 

where 𝐷𝜹 is a 𝑝𝑥𝑝 diagonal matrix containing the singular values 𝑑1, 𝑑2, … , 𝑑𝑝, 

which are assumed to be ordered with 𝑑1 ≥ 𝑑2 ≥ ⋯ ≥ 𝑑𝑝 ≥ 0; 𝑉𝜹 is a 𝑝𝑥𝑚𝜹 

orthogonal matrix of the principal axes; 𝑝 is equal to the rank of 𝑋𝜹 and 𝑚𝜹 is the 

number of variables in the reduced data matrix  𝑋𝜹. The projections of the original 

data to the principal axes form a matrix of principal components which we denote 

by 𝑃𝜹 where each column vector is the principal component.  

 𝑃𝜹 = 𝑈𝜹𝐷𝜹 (15) 

 

The diagonal matrix of eigenvalues 𝜆1, 𝜆2, … , 𝜆𝑝can be obtained by 

𝛬𝜹 =
𝐷𝜹
2

𝑛 − 1
 

(16) 
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By using the principal components from 𝑃𝜹as the regressors, we can rewrite the 

linear model in equation (2) as 

 𝑔(𝐸[𝒚]) = 𝑪𝜶 + 𝑷𝜹𝜷, (17) 

 

  We can further restrict the dimensionality of the design matrix by only 

considering the top principal components such that the cumulative variance 

explained by those principal components reaches a certain proportion of the total 

variances (e.g., 95%). The proportion of variance explained by the top k principal 

components is computed as 

 
𝑃𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛𝑜𝑓𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 =

∑ 𝜆𝑖
𝑘
𝑖=1

∑ 𝜆𝑖
𝑝
𝑖=1

 

 

(18) 

 

Simulation study 

The simulation study was completed using SimuPOP software (Peng & 

Amos 2008). First, we generated an initial population that consists of 993 

independent individuals from the HapMap Phase 3 dataset (International 

HapMap 3 Consortium 2010). This initial population underwent random mating 

for 500 generations until it reached 50,000 individuals, assuming no selective 

pressure, a mutation rate of 1x10-8 mutations/bp/generation and recombination 

rate is set to 10-8 recombinations/bp/generation. 

After this initial burn-in period, the disease allele was introduced at a fixed 

locus. The population continued random mating under the above assumptions for 
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another X generations until the disease allele frequency reached approximately 

0.005. We chose to simulate disease allele frequency trajectories in a backward-

time manner as implemented in the SimuPOP library. Using this approach, a 

trajectory can be generated by a model that assumes n copies of the disease 

allele at time t and proceeds backward in time until the allele is lost.  

Similar to Lee et al, (Lee et al. 2012), the disease risk was assumed to 

follow a logistic model, (𝑃(𝑌 = 1)) = 𝛼 + ∑ 𝛽𝑖𝐺𝑖
𝑚
𝑖=1  , where m was the number of 

disease loci and 𝐺𝑖 was the genotype at disease locus i under an additive genetic 

model and βi was the genetic effect for the ith causal variant. The prevalence of 

the disease was set at 0.05. The treatment for the continuous phenotypes was 

computed in an analogous manner. To generate an analysis sample, cases and 

controls were selected from the population at the final generation. For 

simulations that required family data, we retained the pedigree information. The 

final population consisted of individuals from the last two generations and their 

pedigree information. The number of offspring for each family was assumed to 

follow a Poisson distribution with mean of 2.3. The analysis dataset was then 

generated by sampling nuclear families from this final population. 

A series of simulation conditions were computed on a disease model with 

binary and continuous phenotypes. We considered eight different levels of 

maximum age of causal allele: 150, 300, 450, 600, 750, 900, and 1200 

generations. To control for causal variant age, backward trajectory of the causal 

allele was generated by sampling from a Markov chain under a Wright-Fisher 

model (Slatkin 2001). This model assumed i copies of a disease allele at t=T and 
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proceeds backwards in time until the allele was lost (t=0). For all of these 

conditions, the causal variant was removed from the final datasets before 

statistical analysis. 

In order to explore the impact of PCA to both the SHLR and SHLR-fam 

statistics, we compared the statistical power of those statistics with varying levels 

of proportion of variance explained by the principal components. Power was 

computed as the proportion of significant association test at α=0.05, based on 

1,000 replicated datasets. The type I error rate for both statistics were assessed 

by computing both statistics on 10,000 replicated datasets that were generated 

assuming no genetic effect. 

Results 

The Effects of PCA on Type-I Error Rates and Power 

The type I error rates and its 95% confidence interval for the GLM version 

of SHLR-sum and SHLR-max are presented in Figure 1A. We observe correct 

type I error rates for both statistics for all levels of proportion of the explained 

variance. However, the type I error rate for HAP is conservative. Similarly, the 

type I error rates for the family of statistics that belong to the SHLR-fam are 

presented in Figure 1B. We omit the HAP statistic from this figure because the 

type I error rate for the HAP statistic is severely inflated. We observe a moderate 

type I error inflation for SHLR-max and SHLR-sum when the proportion of 

variance is set to 99%. A closer look of type I error rates for SHLR-fam is 

presented in Table I.  
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The statistical power for the family of statistics in SHLR and SHLR-fam are 

presented in Figure 1A and 1B respectively. On both SHLR and SHLR-fam, the 

statistical power for SHLR-sum and SHLR-max increases as the proportion of 

variance, explained by the top principal components, increases. The power of the 

HAP statistic for the SHLR-fam seems to be unaffected by varying the number of 

principal components.   

The Impact of Using PCA in combination with Haplotype Frequency 

Threshold  

We present the statistical power for SHLR-sum for three different 

conditions in Figure 2: 1) with proportion of variance threshold, 2) with haplotype 

frequency threshold, and 3) both. The power of SHLR-sum statistic with only the 

haplotype frequency threshold dominates the power of SHLR-sum statistic with 

both haplotype frequency and PCA threshold. The SHLR-sum statistic with only 

the PCA threshold is more powerful than the SHLR-sum statistic with haplotype 

frequency threshold on populations with older evolutionary age, which have more 

haplotype diversity.  

Discussion 

Building upon our previous work, we developed PC-SHLR that uses PCA 

on the design matrix to create a new set of predictors, to address potential 

multicollinearity problem in a high dimensional data. Our simulation study shows 

that employing PCA can reduce the type I error inflation originally detected in 
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SHLR-fam (Table I). On the other hand, the SHLR method achieved correct type 

I error rate with or without the use of PCA. 

As expected, the statistical power increases as we increase the number of top 

principal components in the model as a function of increasing the proportion of 

variance in the original design matrix (Figure 1). Typically, the appropriate 

number of principal components to retain can be selected from the visual 

inspection of the scree plot or from automatic selection with the use of profile 

likelihood (Zhu & Ghodsi 2006).  However, there might be some principal 

components constituting a small proportion of the variance (i.e.: the last few 

principal components), that explain the variation in the response variable. When 

comparing the relative power of SHLR method with and without PCA (Figure 2), it 

can be seen that even after retaining the top principal components which 

constitute 95% of the variance in the original design matrix, the SHLR with PCA 

method is still not as powerful as using the original design matrix. Of note is the 

observation that the SHLR with principal component approach is more powerful 

when the causal variant is relatively older (i.e. there is a lot of haplotype diversity) 

in the population.  
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Figure 1. Power and Type I error rate for family of statistics in SHLR (A) and 

SHLR-fam (B) statistics with varying number of principal components in the 

model. The x-axis is the proportion of total variance explained by the top principal 

components. The left y-axis is the type I error rate and the right y-axis is power 

estimate.  The 95% confidence interval of power and type I error is indicated by 

the vertical line around the power and type I error respectively. 
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Figure 2. Power curves of SHLR-sum statistic with and without PCA threshold 

with varying variant ages. Haplotype frequency threshold (hap freq threshold) is 

set to 0.005 and the proportion of variance retained by the top principal 

components (PCA threshold) is set to 95%. The 95% confidence interval of 

power is indicated by the vertical line around the power. 
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Table I. Type I Error of Shared Haplotype Length Regression for Family Data 

(SHLR-fam) Statistics with 𝛂=0.05 

Variance Estimator Method 

SHLR-sum SHLR-max 

PCA(99%) (a) 0.077 (0.072-0.083) 0.093 (0.087-0.099) 

PCA(95%) 0.064 (0.059-0.069) 0.066 (0.061-0.071) 

PCA(90%) 0.058 (0.053-0.062) 0.061 (0.057-0.066) 

PCA(85%) 0.056 (0.051-0.060) 0.062 (0.057-0.066) 

PCA(80%) 0.056 (0.051-0.060) 0.058 (0.054-0.063) 

PCA(75%) 0.056 (0.051-0.060) 0.056 (0.051-0.061) 

PCA(70%) 0.053 (0.049-0.057) 0.056 (0.052-0.061) 

PCA(65%) 0.057(0.053-0.062) 0.055(0.051-0.060) 

(a) : PCA was computed on the design matrix X after removing singleton 

haplotypes. The top principal components that explain the percentage of total 

variations, in parentheses, are retained. 
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Abstract 

This paper describes the main features of the R package SHLR, which 

implements the haplotype sharing method for genetic association study. Shared 

Haplotype Length Regression (SHLR) is a statistical method based on 

generalized linear model (GLM) and generalized estimating equation (GEE) 

approaches to test the association between shared haplotype length and a trait 

of interest. This paper also illustrates the application of the SHLR method 

through an example of simulated family data. 

 

Keywords: haplotype sharing, generalized linear model, generalized estimating 

equation, R. 
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1. Introduction 

Shared Haplotype Length Regression (SHLR) is a statistical method 

based on generalized linear model (GLM)  - (Nelder & Wedderburn 1972) and 

generalized estimating equation (GEE) (Liang & Zeger 1986) approaches to test 

for association between shared haplotype length and a trait of interest. The 

development of this method is motivated by microevolutionary and population 

genetics principles. When a new variant arises in a population via mutation or 

migration, it will reside on a unique haplotype. Assuming the new allele does not 

go extinct, recombination events at each generation will tend to shorten the 

haplotype length among the haplotypes that contain the allele. Thus, on average, 

relatively recent alleles should reside on longer haplotypes compared to random 

haplotypes. 

The R package SHLR implements this haplotype sharing approach and 

can be obtained from [https://cran.r-project.org/]. There are three core features of 

SHLR package: 1) it provides an interface to analyze both independent samples 

and family data; 2) it provides a parallelization option to speed up the 

computation; and 3) it provides a convenient function to run genome wide SHLR 

scan 

The paper is organized into five sections. Section 1 is the introduction and 

background material. The brief theory underlying the SHLR method is described 

in section 2. In section 3, we describe core data structures that we use to 

develop the SHLR package. In section 4, we introduce the run.SHLR.scan 
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function that implements the SHLR method. We close this article with an analysis 

of the simulated data in section 5. 

 

2. Brief theory 

The SHLR method has been presented in our previous work. Here, we 

describe relevant notation that will be useful in describing the design and 

features of SHLR package. Consider a haplotype with a fixed number of biallelic 

markers L. The number of distinct haplotypes in the sample is denoted as M. An 

𝑀 ×𝑀 haplotype sharing matrix S can be constructed from these M distinct 

haplotypes by counting the number of contiguous alleles that match upstream 

and downstream from a specific locus k. 

When the haplotype phase is known, the individual haplotype vector is 

defined as 

ℾ(ℎ𝑖) =
1

2
(

𝐼(ℎ𝑖1 = 1) + 𝐼(ℎ𝑖2 = 1)

𝐼(ℎ𝑖1 = 2) + 𝐼(ℎ𝑖2 = 2)
⋮

𝐼(ℎ𝑖1 = 𝑀) + 𝐼(ℎ𝑖2 = M)

), 

where I(.) is an indicator function, and hij is the jth haplotype of the ith individual. 

From inferred haplotypes, we can construct the empirical distribution of diplotype 

given the multilocus genotype denoted by ∅(ℎ|𝑔). When the haplotype phase is 

unknown, we can reconstruct a new individual haplotype vector ℾ(ℎ𝑖) =

∑ ℾ(ℎ𝑖)𝜑(ℎ𝑖|𝑔𝑖)ℎ𝑖∈𝐻(𝑔𝑖)
, where 𝐻(𝑔𝑖) is the set of diplotypes that are consistent 

with multilocus genotype gi. Stacking ℾ(ℎ𝑖)
′ vectors row by row for all individuals 

results in an 𝑁 ×𝑀 haplotype matrix H. 

We consider the linear model 
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𝑔(𝐸[𝒚]) = 𝑪𝜶 + 𝑿𝜷, 

where g(.) is the canonical link function for the exponential family, α is the vector 

of covariate effects including the intercept, and β is the vector of regression 

coefficients of the haplotype sharing length in the region. The statistical test for 

SHLR is based on testing the null hypothesis of no haplotype effect: H0 : β = 0. 

The design matrix of haplotype sharing length X is a function of the haplotype 

matrix H and similarity matrix S, followed by additional filtering. For instance, the 

design matrix for 'SHLR-sum' is a matrix product of the haplotype matrix H and 

the similarity matrix S, followed by removing rare haplotypes. 

 

3. Internal data structure of the SHLR package 

The construction of the design matrix for the SHLR method requires the 

genotype data to be phased. Popular phasing program such as SHAPEIT 

(Delaneau et al. 2012) or BEAGLE (Browning & Browning 2007) can be used to 

infer haplotypes from genotype data. Internally, we store the phased haplotypes 

object as a vector of 0/1 strings with one haplotype per row. From this haplotype 

vector, we can then construct the similarity matrix, genotype vector, and 

diplotype vector. Both genotype and diplotype vectors are needed to construct a 

genotype to diplotype map. The genotype to diplotype map is an associative 

array with genotype id as 'key' and the list of diplotypes that are consistent with 

the corresponding genotype as 'value'. Genotype to diplotype map, genotype 

vector, and diplotype vector are inputs to a function that constructs the haplotype 

matrix H. Finally, both haplotype and similarity matrix are required to create the 
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design matrix for the linear model. The relationship between these internal 

objects is outlined in Figure 1. 

After the design matrix had been created, inference and model fitting is 

computed by an appropriate function depending on the type of analysis. For 

independent samples, model fit and inference are based on the glm function from 

the stats package (R Core Team 2014); For family data, the SHLR package 

employs geeglm function from the geepack package (Halekoh et al. 2006). 

 

4. The run.SHLR.scan function 

The run.SHLR.scan function is a wrapper function and entry point to run 

SHLR method in the R statistical computing environment. The function is 

designed to do a SHLR scan along the chromosome one marker at a time and to 

output the analysis result to a specified file. In the following, we will discuss some 

of the important arguments to run this function. 

 

4.1. Input data(haps,phen,marker.map) 

The haplotype data, phenotype data, and the marker information are 

specified by the haps, phen, and marker.map argument respectively. 

Haplotype data are represented as vector of 0/1 strings. The phenotype file 

needs to be read in into an R data frame with an appropriate header. The 

phenotype file will typically have information about disease outcome of interest, 

additional covariates, and pedigree information. The data frame that contains 

marker information needs to contain the marker names in the first column and 
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the markers' positions in the second column. We have provided a helper function 

(read.shapeit.haps) to read phased haplotypes from SHAPEIT output into 

haps and marker.map objects. 

 

4.2. Analysis type, covariates, and variance function(method,cov,out.dist) 

The method argument needs to be identified as "SHLR" for data with 

uncorrelated outcomes or "SHLR-fam" for family data. In the background, the 

run.SHLR.scan function will call either glm or geeglm function for "SHLR" and 

"SHLR-fam" respectively. The cov argument is identified by a vector of 

covariates name, which needs to match the column names of the R data frame 

that contain the phenotype information. If no covariates are required for the 

analysis, the cov argument is identified as an empty string (""). The variance 

function is specified by the out.dist argument and is identified by the name of 

the distribution in a generalized linear model. 

 

4.3. Working correlation structure(corstr) 

If the method argument is identified as "SHLR-fam", the working 

correlation structure needs to be specified. The available options for the corstr 

argument are the same as those in geeglm with one additional option, i.e.: 

"kinship". The "kinship" option allows the working correlation structure to be 

computed as kinship coefficient between individuals within family and requires 

pedigree information to be available in the phenotype file. This pedigree 

information is specified by a set of the following arguments: fid, iid, pid, 
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mid, and gender for family id, individual id, paternal id, maternal id and gender 

information respectively. 

 

4.4. Design matrix filter(pca.thres,hap.freq.thres) 

To speed up the computation, we provide two means to reduce the 

dimensionality of the design matrix: removing less frequent haplotypes from the 

design matrix through the hap.freq.thres argument and applying principal 

component analysis (PCA) to the design matrix followed by retaining the top 

principal components through the pca.thres argument. These two filters are 

not independent as by design, due to simplicity, the hap.freq.thres filter is 

always the first one to be applied to the design matrix. The hap.freq.thres 

argument takes value between 0 and 1, and will filter out haplotypes with 

haplotype proportion less than the specified value. Setting the value to 0 will 

keep all distinct haplotypes in the design matrix.  

The pca.thres argument also takes value between 0 and 1. It specifies 

the proportion of the variance explained by the top principal components and it 

will determine the number of top principal components to retain. Setting this 

argument value to "NULL" will turn off the PCA computation. 

 

4.5. Parallelism (nSplits,threads) 

The computation of the SHLR method is more extensive than a single 

marker test. Therefore, we recommend using the parallelism option in the 

run.SHLR.scan function to speed up the analysis. The nSplits argument 
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specifies the number of splits to divide the haplotypes data. Each split or 

segment of the data will be processed by X number of processors as specified by 

the threads argument. Whenever each segment of the data has been 

processed, the result of the analysis for that segment will be outputted into a 

prespecified output file. 

 

5. Application of the SHLR method on simulated data 

An application of the SHLR method to real data can be found in our SHLR 

manuscript. In this example, we will compute a SHLR analysis on the simulated 

family data. The phenotype file is stored in tab delimited format ("phen.tsv") and 

a phased genotype file from SHAPEIT ("phased.haps") on a specific 

chromosome. The read.shapeit.haps function reads SHAPEIT phased 

genotype file and outputs haps object and marker.map object. Preparing the 

input data can be accomplished by 

 

R> phen <- read.table("phen.tsv", header=TRUE, stringsAsFactors=FALSE, sep="\t") 

R> shapeit <- read.shapeit.haps("phased.haps") 

R> haps <- shapeit$haps 

R> marker.map <- shapeit$marker.map 

 

The phenotype file contains the pedigree information ("famid","iid","dad 

id", "mom id", and "sex"),  two covariates ("cov1" and "cov2"), and an outcome 

variable("qtrait"). Since we are trying to analyze family data, the method 

argument is set to "SHLR-fam" and the corstr argument is set to "kinship". With 
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"kinship" correlation structure, we need to set the pedigree information 

arguments to match the column names in the phenotype file. In this analysis, we 

decided to consider only haplotypes with haplotype frequency larger than 0.005 

and set the pca.thres argument to 0.8. Furthermore, we required 8 CPUs to 

run the analysis; window size of 50 markers; and "sandwich" variance estimator 

for GEE. The following code will perform chromosome wide "SHLR-fam" scan 

with the aforementioned parameters: 

 

R> run.SHLR.scan(haps, phen, marker.map, outfile="out.txt", 

+ SHLR-fam", pca.thres=0.8, hap.freq.thres=0.005, 

+ window.size=50, threads=8, corstr="kinship",std.err="sandwich", 

+ gender="sex", fid="famid", iid="iid", pid="dad_id", mid="mom_id") 

 

The result of the analysis performed by the run.SHLR.scan function is 

outputted to the file "out.txt". Each line in the output file will contain marker name, 

marker position, and the pvalues for both "SHLR-sum" and "SHLR-max" as 

presented in Table 1. 
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Table I. The content of the file out.txt 

Marker.Name Position SHLR_sum_pval SHLR_max_pval 

⋮ ⋮ ⋮ ⋮ 

rs5748648 17280822 0.1656 0.4861 

rs9618895 17302509 0.0671 0.9954 

rs11089349 17309816 0.0428 0.9385 

rs16981741 17309881 0.4247 0.8238 

rs5992598 17442987 0.1413 0.6238 

⋮ ⋮ ⋮ ⋮ 
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Figure 1. The relationship diagram between internal objects and the flow 

diagram from input phased haplotypes into creating design matrix for linear 

model. 
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Chapter 5 Conclusion and Discussion 

 

Motivated by microevolutionary and population genetics principles, I 

developed SHLR tests of association that can accommodate data from unrelated 

individuals and or pedigree data. There are two forms of the approach: SHLR-

sum and SHLR-max.  SHLR-sum combines the information from both haplotypes 

in an individual, while SHLR-max uses the maximum haplotype length as a 

measure of similarity. In simulation studies, I demonstrated the power of SHLR 

statistics to detect genomic regions harboring disease-predisposing alleles. Both 

SHLR-sum and SHLR-max have comparable performances across different 

simulated data scenarios.  

Additionally, I have developed an extension for SHLR by incorporating 

Principal Component Analysis in the construction of the design matrix to address 

potential multicollinearity when there is a high number of distinct haplotypes. 

Simulation Study 

For the simulation study setup, I chose to use forward-time population 

genetics simulation instead of coalescent based approach due to the flexibility 

that it offers to drop a single mutation in a haplotype and its ability to follow the 

random process of that specific mutation over time. By using this forward-time 

population genetic approach, it allows me to simulate a population with a rare 

causal variant that persists in a population over some periods of time.  
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The forward-time simulation approach is implemented in the SimuPOP 

software. The limitation of this software is the inability to handle linked disease 

predisposing loci (DSL). This limitation will not allow me to have a disease model 

based on two alleles on the same haplotypes. If linked DSL disease model is of 

interest, one would likely need to explore other population genetic data simulator 

such as FREGENE (Hoggart et al. 2007). 

Type I Error and Power 

According to my simulation studies, the SHLR statistics have correct type I 

error when analyzing data from unrelated individuals and have a slight type I 

error inflation on pedigree data. The type I error inflation on pedigree data might 

be caused by hidden extended familial relationship among individuals from 

different families. One way to alleviate this problem is to incorporate the full 

relatedness matrix for all individuals in the model instead of using the kinship 

matrix for individuals within families. I am currently working on adding this 

implementation to the next iteration of the SHLR R-package. 

In my simulation studies, the SHLR statistics have greater power than 

other relevant statistics when none or only a portion of the causal variants are 

genotyped. This result suggests the benefit of leveraging shared haplotype 

length information to overcome the lack of linkage disequilibrium between 

ungenotyped rare causal variants and their surrounding genetic markers.  
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Usage and limitation 

SHLR statistic has a number of disadvantages for the purposes of 

association mapping. Computationally, it is a much slower statistics than simple 

single-marker association tests because of the need to incorporate haplotypic 

information. This problem can be attenuated with a better data structure to hold 

the haplotype information and with the use parallel computation. The success of 

using a haplotype-based approach to identifying genetic variants predispose to 

disease depends on the genotyping accuracy of the genetic markers constituting 

the haplotypes. Genotyping errors might cause a false shortening of the shared 

haplotype length. Thus, these genotyping errors might possibly reduce the 

haplotype sharing length for the impacted individuals and reduce the power of 

the test statistic; this is true even if the genotype errors are random. I am 

currently working on extending the current SHLR method to address this 

problem. One potential solution is to implement the “forgiveness penalty” idea 

introduced by (Lange & Boehnke 2004).  Briefly, this approach allows the shared 

haplotype length to be extended with a prespecified mismatch penalty if there is 

an allelic mismatch between two haplotypes.   

I have applied the SHLR-fam method to the ADIPOQ region in IRAS-FS 

data, and successfully recovered the functional variant in that region. The SHLR-

fam method was computed with the naïve variance estimator as opposed to the 

sandwich variance estimator because the empirical investigation showed 

moderate type I error inflation for the latter. The use of a naïve variance estimator 
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in conjunction with PCA on SHLR-fam achieves the correct type I error under the 

simulation conditions. 

I envision the use of SHLR statistics as a complementary approach to 

standard genome-wide association methods (e.g., single SNP generalized linear 

models), to aid in the localization of variants that are missed by a standard 

association test.  

In the initial genome-wide scan with SHLR statistic, data analysts would 

like to identify genomic regions that meet some genome-wide significant 

threshold (e.g.: 5x10-8) and then seek to identify the key variants driving the 

association. Specifically, after a region is identified, they need to identify the 

haplotypes contributing to the disease trait. One possible approach is to use 

classic haplotype association tests in the region of interest and rank the 

haplotypes based on statistical significance and effect size. In addition, one can 

use leverage statistics to find individuals with longer shared-haplotype lengths 

that are contributing the most to the test statistic and parameter estimates. 

Furthermore, a sensitivity analysis on the window size can be performed on a 

genomic region of interest to narrow down the possible locations of causal 

variants in the haplotypes. All of these methods can be informed by information 

on epigenetic changes, coding changes, conservation, etc., as individual SNPs 

within the haplotype are considered for potential functional impact. 
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Conclusion 

My results demonstrated that the SHLR statistics can be used for 

association mapping and are more powerful than other established methods 

when the ungenotyped causal variants have less LD with the surrounding 

markers. In conclusion, the haplotype sharing based approach, if used properly, 

can be a useful addition to the existing statistical genetic toolbox for genetic 

association mapping in complex diseases.  
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Abstract 

Relative to European Americans, type 2 diabetes (T2D) is more prevalent 

in African Americans (AAs). Genetic variation may modulate transcript 

abundance in insulin-responsive tissues and contribute to risk; yet published 

studies identifying expression quantitative trait loci (eQTLs) in African ancestry 

populations are restricted to blood cells.  

This study aims to develop a map of genetically regulated transcripts 

expressed in tissues important for glucose homeostasis in AAs, critical for 

identifying the genetic etiology of T2D and related traits. Quantitative measures 

of adipose and muscle gene expression, and genotypic data were integrated in 

260 non-diabetic AAs to identify expression regulatory variants. Their roles in 

genetic susceptibility to T2D, and related metabolic phenotypes were evaluated 

by mining GWAS datasets. eQTL analysis identified 1,971 and 2,078 cis-eGenes 

in adipose and muscle, respectively. Cis-eQTLs for 885 transcripts including top 

cis-eGenes CHURC1, USMG5, and ERAP2, were identified in both tissues. 

62.1% of top cis-eSNPs were within ±50kb of transcription start sites and cis-

eGenes were enriched for mitochondrial transcripts.  

Mining GWAS databases revealed association of cis-eSNPs for more than 

50 genes with T2D (e.g. PIK3C2A, RBMS1, UFSP1), gluco-metabolic 

phenotypes, (e.g. INPP5E, SNX17, ERAP2, FN3KRP), and obesity (e.g.  POMC, 

CPEB4). Integration of GWAS meta-analysis data from AA cohorts revealed the 

most significant association for cis-eSNPs of ATP5SL and MCCC1 genes, with 

T2D and BMI, respectively.   
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This study developed the first comprehensive map of adipose and muscle 

tissue eQTLs in AAs (publically accessible at 

https://mdsetaa.phs.wakehealth.edu) and identified genetically-regulated 

transcripts for delineating genetic causes of T2D, and related metabolic 

phenotypes.  

 

Keywords: Expression Quantitative Trait (eQTL); Genotype; Transcript; Single 

nucleotide polymorphism (SNP); Adipose; Muscle; African American; Genomics; 

Diabetes, Obesity 

  

https://mdsetaa.phs.wakehealth.edu/
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INTRODUCTION 

 

The importance of genetic factors in modulating the susceptibility to type 2 

diabetes (T2D) is well established (Groop & Pociot 2014). Relative to European 

Americans, T2D is twice as prevalent in African Americans (Cowie et al. 2010) 

and associated risk factors such as insulin resistance and obesity are more 

prevalent (Cowie et al. 1993). Whether genetic variation modulates molecular 

processes and contributes to the enhanced susceptibility to T2D in African 

Americans is unknown. Large-scale linkage, candidate-gene, and genome-wide 

association studies (GWAS), primarily in European and Asian populations, have 

identified approximately 88 loci associated with T2D and 83 loci associated with 

glucose homoeostasis-related phenotypes (Mohlke & Boehnke 2015). T2D-

associated loci identified in GWAS reveal relatively weak effects, together 

explaining only a small fraction of the heritability in African Americans (Mahajan 

et al. 2014; Ng et al. 2014). Moreover, most associated variants are located in 

noncoding genomic regions. Thus, determining how these loci modulate systemic 

glucose homeostasis at the molecular level remains unclear. Approaches 

investigating molecular endophenotypes more proximal to gene products may 

assist in identifying the molecular basis of genetic susceptibility to T2D in African 

Americans. 

Genetic variation can impact transcript abundance. We and others 

reported that T2D- and related trait-associated variants are enriched for 

expression-regulatory single nucleotide polymorphisms (eSNPs) in tissues 



76 
 

important for glucose homeostasis (Das & Sharma 2014; GTEx consortium 2015; 

Nicolae et al. 2010). Identifying genetic variants associated with transcript 

expression in metabolically relevant tissues may identify functionally meaningful 

sets of SNPs involved in T2D, obesity, and related metabolic phenotypes. 

However, studies on the genetics of gene expression in populations of African 

ancestry are predominantly limited to lymphocytes/lymphoblastoid cell lines 

(Storey et al. 2007; Stranger et al. 2012; Zhang et al. 2008). The goal of this 

study was to identify genetic regulatory variants modulating expression of 

adipose and muscle transcripts in African Americans at risk for T2D and evaluate 

their role in susceptibility to T2D, obesity, and related metabolic disorders. A 

systematic analysis was performed on the genome-wide transcript expression 

profiles of insulin responsive tissues (subcutaneous adipose and skeletal muscle) 

and genome-wide SNP genotypes in a metabolically characterized cohort of 260 

non-diabetic African Americans from North Carolina. To our knowledge, this is 

the largest existing cohort of non-diabetic African Americans characterized for 

gluco-metabolic phenotypes with available biological samples (DNA and tissue) 

for conducting an integrative multi-omics approach. These data were used to test 

two hypotheses: 1) expression levels of a subset of transcripts would associate 

with genotype and manifest as expression quantitative trait loci (eQTL) in both 

adipose and muscle, while a subset of transcripts would be modulated by tissue-

specific eQTLs; and 2) a subset of the expression regulatory SNPs (eSNPs) 

would associate with glucose homeostasis related phenotypes, obesity and/or 

T2D in large GWAS, identifying putative causal SNPs in African Americans. 
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MATERIALS AND METHODS 

Human subjects  

Participants were healthy, self-reported African Americans residing in 

North Carolina aged 18-60 years with a body mass index (BMI) between 18 and 

42 kg/m2. A total of 260 unrelated non-diabetic individuals completed all study 

visits and are referred to as the “African American Genetics of Metabolism and 

Expression” (AAGMEx) cohort; subcutaneous adipose tissue (from the abdomen 

near the umbilicus) and skeletal muscle (from the vastus lateralis) biopsies were 

collected from 256 individuals. Studies were performed at the Wake Forest 

School of Medicine (WFSM) Clinical Research Unit. This study was approved by 

the WFSM Institutional Review Board and all participants provided written 

informed consent.  

A standard 75-g oral glucose tolerance test (OGTT) was used to exclude 

individuals with diabetes and results were analyzed by homeostatic model 

assessment (HOMA; http://mmatsuda.diabetes-smc.jp/MIndex.html) to evaluate 

insulin sensitivity (Matsuda Index) and insulin resistance (HOMA-IR) (Matsuda & 

DeFronzo 1999; Matthews et al. 1985). High quality insulin modified (0.03 U/kg) 

frequently sampled intravenous glucose tolerance test (FSIGT) data were 

available in 235 participants. The MINMOD Millennium program was used to 

analyze FSIGT data to determine insulin sensitivity (SI) and acute insulin 

response (AIRG) (Bergman et al. 2014). Clinical, anthropometric, and 

http://mmatsuda.diabetes-smc.jp/MIndex.html
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physiological characteristics of the AAGMEx cohort have been described 

(Sharma et al. 2016). 

 

Gene expression analysis and genotyping: 

Genome-wide expression data were generated using HumanHT-12 v4 

Expression BeadChip (Illumina, San Diego, CA) whole genome gene expression 

arrays for quantitative analyses of transcript expression in adipose and muscle 

samples. Infinium HumanOmni5Exome-4 v1.1 DNA Analysis BeadChips 

(Illumina) were used to genotype DNA samples based on the manufacturer’s 

recommendations. Additional technical details of standard gene expression 

analyses and genotyping methods are described in Supplementary methods. 

 

Quality control   

 Detailed data quality control methods are presented in Supplementary 

methods. In brief, measures of glucose homeostasis and obesity were examined 

for outliers in a univariate fashion and as correlated pairs. Genome-wide gene 

expression data (probe level) for both the adipose and muscle samples were 

extracted separately using Illumina GenomeStudio V2011.1. Expression level 

was log2 transformed, robust multi-array average normalized (RMA, includes 

quantile normalization) (Irizarry et al. 2003) and batch-corrected using ComBat 

(Johnson et al. 2007). The HumanHT-12 v4 Expression BeadChip includes 

47,231 probes annotated to transcripts. Significant expression (p<0.05) of 16,010 

and 13,118 transcript probes was observed in adipose and muscle RNA, 



79 
 

respectively, in 90% of participants. Data from these probes were primarily used 

for analysis. Probes were further filtered out based on bioinformatic criteria 

described in the supplementary methods. Genotype data were examined to verify 

sample and SNP quality. Genotype assays of 4,210,443 SNPs passed technical 

quality filters. The genotype of 2,296,925 autosomal SNP assays (representing 

2,210,735 unique high-quality genotyped SNPs with MAF>0.01 and HWE-p value 

>1x10-6) was used in eQTL analysis. 

 

Statistical and Bioinformatic analyses  

To identify expression quantitative trait loci (eQTLs), linear regression was 

computed with the log2 transformed expression values as the outcome and an 

additive genetic model for the SNP as implemented in the R-package 

MatrixEQTL (Shabalin 2012); age, gender, and African ancestry proportion were 

covariates. Analyses scanned for both cis and trans eQTLs, but partitioned the 

overall type 1 error rate of α=0.05 into α=0.04 for cis and α=0.01 for trans. 

However, we considered as significant any cis- and trans-eSNPs with a false 

discovery rate (FDR)-corrected p-value (Q-value) <0.01 (or 1.0%). Detailed 

statistical and bioinformatic data analysis methods are presented in 

Supplementary methods. Sample sizes in each analysis (Supplementary 

Table 1) varied based on available data after quality control. 
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Replication of eQTL data   

Adipose cis-eQTL data from the Multiple Tissue Human Expression 

Resource (MuTHER) project (Grundberg et al. 2012) and muscle cis-eQTL data 

reported by Keildson et al. (Keildson et al. 2014) were mined to replicate cis-

eGenes identified in the AAGMEx cohort (Supplementary Methods). 

Additionally, replication of adipose and muscle cis-eGenes was tested in 

publically available tissue eQTL data from GTEx project (GTEx_Analysis_v6 

updated) and lymphoblastoid cell line (LCL) eQTL data from both the Geuvadis 

RNA sequencing project and the SeeQTL data depository. 

 

Integration of GWAS data  

Cis-eSNPs identified in adipose and muscle of African Americans 

represented a prioritized set of SNPs providing statistical evidence for genotype-

dependent variation in transcript abundance. The NHGRI Catalog of Published 

GWAS (Hindorff et al. 2009) and meta-analysis data from the Meta-Analyses of 

Glucose and Insulin-related traits Consortium (MAGIC) (Scott et al. 2012) were 

mined to identify the role of putatively functional SNPs in T2D susceptibility and 

gluco-metabolic phenotypes. We also searched for associations of eSNPs with 

T2D and BMI in the Meta-analysis of Type 2 Diabetes in African Americans 

(MEDIA) Consortium (Ng et al. 2014) and African Ancestry Anthropometry 

Genetic Consortium (AAAGC) (Monda et al. 2013) GWAS (Supplementary 

Methods).  
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RESULTS 

eQTLs identified in adipose and muscle 

We identified 1971 and 2078 transcripts with at least one significant cis-

eQTL (top eSNP within ±500kb around the expressed transcript at FDR <0.01) in 

adipose and muscle, respectively (Figure 1A, 1B, Supplementary Tables 2 and 

3). These transcripts were considered cis-eGenes. 

Overlap between cis-eGenes was identified in adipose and muscle. Cis-

eQTLs for 885 transcripts were identified in both insulin-responsive tissues 

(Figure 1B). Among these, 317 were most strongly associated with the same cis-

eSNPs in both tissues and showed the same direction of effect (Figure 1C and 

Supplementary Table 4). The most significant cis-eGenes (FDR <1x10-100) 

observed in both tissues included churchill domain containing 1 (CHURC1), up-

regulated during skeletal muscle growth-homolog 5 (USMG5), and endoplasmic 

reticulum aminopeptidase 2 (ERAP2) (Table 1).  

SNP–transcript expression-level associations for variants located on other 

chromosomes or outside the defined cis boundary (±500kb around the transcript) 

were examined to identify trans-regulatory variants. Associations were identified 

(FDR<0.01) for expression of 603 and 943 transcripts with a genotype of at least 

one trans-eSNP in adipose and muscle, respectively (data not shown). 

Considering the large number of tests performed to identify trans-eQTLs, we 

conservatively considered a transcript associated with >1 trans-eSNP as 

statistically significant. Using this conservative criterion, 322 and 591 trans-

eGenes were identified in adipose and muscle, respectively. Overlap of these 
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trans-eGenes with cis-eGenes is shown in Figure 1B. Summary statistics of all 

cis- and trans-eSNPs is publically accessible through a searchable database at 

https://mdsetaa.phs.wakehealth.edu.  

 

Genomic distribution of cis-eSNPs  

The distribution of the top cis-eSNPs for each transcript was assessed in 

relation to gene proximity and plotted against the distribution of distances 

between cis-eSNPs with the lowest p-values and transcription start site (TSS). As 

reported (Stranger et al. 2005; Stranger et al. 2007; Veyrieras et al. 2008), the 

majority of top cis-eSNPs in adipose (62.6%) and muscle (61.7%) were located 

within ±50kb of the TSS (Figure 2A and 2B). For adipose, 80% and 95% of the 

top cis-eSNPs were within 118.6 kb and 374.4 kb, respectively, of the TSS. For 

muscle, these distances were 122.8 kb and 371.4 kb, respectively. Cis-eSNPs 

with larger effect sizes were also overrepresented close to TSS (Figure 2C and 

2D). Greater than 80% (80.8% in adipose; 84% in muscle) of the highly 

significant cis-eSNPs (P-value <1x10-10) were located within ±100 kb of the TSS. 

To assess potential functional significance, we annotated the genomic locations 

(based on the Sequence Ontology definitions) of the top cis-eSNPs of associated 

transcripts (FDR<0.01). Interestingly, 79.6% of the top cis-eSNPs were located 

within or near gene regions (±5 kb), and only 20.4% were intergenic. Most of the 

top cis-eSNPs were intronic (43.1%) or in the 3’ or 5’ untranslated regions (UTR, 

16.3%, Figure 3). Utilizing the TRANSFAC Database, SNPnexus (Dayem Ullah 

https://mdsetaa.phs.wakehealth.edu/
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et al. 2012) annotation predicted the disruption of transcription factor binding 

sites by 80 and 77 top cis-eSNPs in adipose and muscle, respectively.     

 

In silico analyses indicate functional significance of cis-eGenes  

Gene-annotation enrichment analysis with DAVID (Huang et al. 2009) 

indicated an enrichment of mitochondrial genes (GO:0005739) among cis-

eGenes in both adipose (p=4.67x10-11, 141 transcripts) and muscle (p=4.84x10-

30, 235 transcripts). Although not strongly enriched, cis-eGenes in both adipose 

(34 genes, p=0.03, FDR=26.5%) and muscle (47 genes, p=0.0079, FDR= 7.8%) 

included genes involved in diabetes based on Reactome pathway annotation 

(Reactome pathway, REACT_15380: Diabetes pathways). IPA predicted HNF4A 

(a transcription factor) as the most common upstream regulatory factor for 

adipose (p-value of overlap=2.23x10-15, 254 transcripts) and muscle (p=3.82x10-

22, 288 genes) cis-eGenes identified. Expression of a subset of cis-eGenes (362 

in adipose; 42 in muscle) was associated with SI in this non-diabetic African 

American cohort (Sharma et al. 2016). 

 

Replication of cis-eQTLs using publically available data 

Published studies for eQTLs in insulin-responsive tissues in African 

Americans are not available. Replication of eQTLs was assessed by mining 

published adipose and muscle eQTLs in Caucasians. Adipose eQTL data from 

MuTHER (Grundberg et al. 2012) were assessed for replication of 190 top cis-

eGenes identified in AAGMEx (included probes for 100 top cis-eGenes and 100 
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top SI-associated cis-eGenes). Information for 155 of the 190 selected probes 

was available in MuTHER. Comparison of data sets showed an association of 

114 cis-eGenes (probes) with the same cis-eSNPs in both studies 

(Supplementary Table 5), supporting replication of 73.5% of top adipose cis-

eQTLs in our AAGMEx cohort.  

Muscle cis-eQTLs as reported by Keildson et al. (Keildson et al. 2014), 

were searched to assess replication of these cis-eGenes (n=287) in the AAGMEx 

cohort, considering all probes representing significant (up to FDR <0.04) cis-

eGenes. Comparison of the two muscle-eQTL data sets showed an association 

of 144 cis-eGenes (represented by 191 probes, Supplementary Table 6). 

Despite the small sample and different design of the previous study by Keildson 

et al., 50.2% of their muscle-eGenes were replicated in our AAGMEx African 

American cohort. Despite different methods of transcript quantification (RNA-seq) 

and sample characteristics (N=298 and 361 cadaver donors for subcutaneous 

adipose and skeletal muscle, respectively), results from GTEx 

(GTEx_Analysis_v6 updated: 2015-06-18, dbGaP Accession phs000424.v6.p1) 

(GTEx consortium 2015) supported replication of 965 adipose cis-eGenes and 

1016 muscle cis-eGenes from AAGMEx (data not shown).  

To determine the replication of adipose and muscle tissue cis-eGenes in 

surrogate tissues, publically available eQTL data for transformed lymphoblastoid 

cell lines (LCL) were searched.   The LCL-eQTL data from a small African 

ancestry cohort (Geuvadis RNA sequencing project of 1000 Genomes YRI 

samples, N= 89; http://www.geuvadis.org/web/geuvadis/RNAseq-project), 

http://www.geuvadis.org/web/geuvadis/RNAseq-project
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replicated 96 and 95 adipose and muscle tissue-identified cis-eGenes, 

respectively. However, replication was much higher when larger LCL-eQTL 

datasets, e.g.  HapMap3 consensus cis-eQTL (SeeQTL; 

http://www.bios.unc.edu/research/genomic_software/seeQTL) were searched for 

comparison. Considering cis-eGenes at q<0.01 from SeeQTL data, ~24% of  

AAGMEx adipose and muscle cis-eGenes (448 in adipose 443 in muscle) were 

replicated in LCLs. Thus, expression of a subset of transcripts is genetically 

regulated across tissues, and the eQTL data from LCLs may be used as a proxy 

for identifying a small subset of adipose and muscle tissue cis-eGenes. 

 

Association of cis-eSNPs with T2D, obesity and related metabolic 

phenotypes  

The NHGRI Catalog of Published GWAS (from UCSC table browser) was 

mined (Hindorff et al. 2009) for association of all significant cis-eSNPs 

(FDR<0.01) for adipose and muscle transcripts to identify potential roles in T2D 

susceptibility and related phenotypes. This catalog only includes phenotype-

associated index SNPs (p-values <1.0x10-5), mostly from people not of recent 

African descent. Association of cis-eSNPs was detected for >50 genes with 

gluco-metabolic phenotypes including T2D (e.g. PIK3C2A, RBMS1, UFSP1, 

ACHE), fasting plasma glucose (e.g. NOSTRIN, RREB1), hemoglobin A1c (e.g. 

FN3KRP), and BMI and obesity-related traits (e.g. POMC, MARCH6, NINJ1, 

RBP1, HMBOX1, CHURC1, CPEB4; Supplementary Table 7).  

http://www.bios.unc.edu/research/genomic_software/seeQTL
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GWAS data from Caucasians in the MAGIC cohort (Scott et al. 2012) 

were assessed for glucose homeostasis phenotypes; Supplementary Table 8 

lists cis-eSNPs for 54 adipose and 63 muscle genes with evidence for 

association (p<0.01) with glucose homeostasis phenotypes. An eSNP (both 

adipose and muscle) for inositol polyphosphate-5-phosphatase (INPP5E) was 

strongly associated with fasting glucose (rs1128905, p=5.81x10-9), and an eSNP 

for ERAP2 was strongly associated with 2h-glucose (rs1019503, p=8.97x10-9). 

Interestingly, rs560887, located in the intron of the glucose-6-phosphatase 

catalytic subunit 2 gene (G6PC2) was strongly associated with fasting glucose 

(p=1.4x10-178) in Caucasians in the MAGIC cohort, as was a cis-eSNP for 

NOSTRIN (nitric oxide synthase trafficker gene) in adipose of people in the 

AAGMEx cohort. Muscle eSNPs rs2068834 (sorting nexin 17 gene, SNX17; 

p=9.78x10-20) and rs11715915 (macrophage stimulating 1 gene, MST1; 

p=4.90x10-8) associated with fasting glucose; eSNP rs6912327 (UHRF1 binding 

protein 1 gene, UHRF1BP1) associated with BMI-adjusted fasting insulin 

(p=2.26x10-8).  

A search for association of eSNPs (FDR <0.01) with T2D and BMI was 

performed in GWAS from MEDIA (Ng et al. 2014) and AAAGC (Monda et al. 

2013). Cis-eSNPs for 72 genes in adipose and 80 genes in muscle showed 

nominal evidence (p<0.01) of association with T2D in African Americans in the 

MEDIA cohort (Supplementary Table 9). Three cis-eSNPs show stronger 

association (p<1.0x10-4) with T2D (Table-2A). A cis-eSNP for the transcript of 

ATP synthase subunit s-like protein (ATP5SL) gene was most significantly 
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associated with T2D (rs7259208, p=1.20x10-5). Cis-eSNPs for 65 genes in 

adipose and 91 genes in muscle showed nominal evidence of association 

(p<0.01) with BMI in African Americans in the AAAGC cohort (Supplementary 

Table 10). Four cis-eSNPs show stronger association (p<1.0x10-4) with BMI 

(Table-2B). Among the selected subset of cis-eSNPs, rs4074110 

(methylcrotonoyl-CoA carboxylase 1, MCCC1) showed the most significant 

association with BMI (p=6.11x10-6) in meta-analyses from AAAGC data. Thus, 

cis-eSNPs may modulate the risk for T2D and obesity in African Americans. 

 Integration of AAGMEx eQTL results and GWAS of gluco-metabolic traits 

suggested putative target genes for GWAS-identified SNPs. Together, a total of 

216 and 249 target cis-eGenes in adipose and muscle, respectively was 

identified. Among these target cis-eGenes, mRNA expression of 55 genes in 

adipose, and 20 genes in muscle was significantly associated (p<0.001) with the 

glucose homeostasis traits (SI and AIRG derived from FSIGT; HOMA-IR and 

Matsuda index derived from OGTT), or obesity (BMI) phenotypes of AAGMEx 

participants (Supplementary Table 11).         

 

DISCUSSION 

Despite successes in GWAS, the majority of loci accounting for T2D 

heritability remain unknown and the diversity of its pathophysiology, molecular 

mechanisms, and variants explaining enhanced susceptibility in African 

Americans are poorly understood. The present study combined gene expression 

in tissues important to insulin action, and genome-wide genotype data in African 
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Americans to fill these gaps. Results provide a comprehensive map of genetically 

regulated transcripts in African Americans, which is critical for prioritizing GWAS-

identified SNPs in replication studies and detecting functional roles of variants 

involved in T2D and related traits.  

Integration of genome-wide expression and genotype data enabled 

mapping of loci involved in the regulation of gene expression. Association of 

SNPs with transcript levels of nearby (cis) or distal (trans) genes were identified. 

Compared to adipose, slightly more cis-eQTL-transcripts (cis-eGenes) were 

found in muscle. Overlap of 885 cis-eQTL transcripts (~45% of cis-eGenes) was 

seen in both tissues indicating tissue-independent expression regulatory 

elements. Significant cis-eGenes observed in both tissues included USMG5 and 

ERAP2.  The USMG5 gene, also known as the diabetes-associated protein in 

insulin-sensitive tissue gene (DAPIT), is differentially modulated in insulin-

responsive tissues of streptozotocin-treated diabetic rats (Kontro et al. 2012). 

ERAP2 is involved in maturation of many proteins in the endoplasmic reticulum 

(ER), and has been implicated in regulation of angiogenesis and blood pressure 

(Cifaldi et al., 2012). An eSNP for ERAP2 was strongly associated with 2h-

glucose in the MAGIC cohort. Consistent with published eQTL studies (Stranger 

et al. 2005; Stranger et al. 2007; Veyrieras et al. 2008), top cis-eSNPs for 60% of 

transcripts in both tissues were within ±50 kb of the TSS. The genomic 

distribution of cis-eSNPs fits with existing knowledge on the genetic regulatory 

architecture of transcript expression. Further bioinformatic annotation of these 

loci indicated the disruption of transcription factor binding by eSNPs and provided 
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evidence for regulatory motifs. Thus, the identified eQTLs support the concept 

that functional regulatory genomic regions exist in glucose homeostasis-

regulating tissues. Many cis-eQTLs identified in this African American cohort 

were replicated in non-African cohorts. Thus, a subset of genetic regulatory 

mechanisms of transcript expression is common between African Americans and 

non-Africans. Further studies will be required to confirm, whether other subsets 

of genetic regulatory mechanisms of transcript expression predominately 

influence particular ancestral groups. 

Enrichment (DAVID analysis) of mitochondrial genes was identified among 

adipose and muscle cis-eGenes, indicating a role for genetic factors in 

modulation of this pathway. IPA revealed enrichment of pathways involved in 

mitigating oxidative stress (including glutathione-mediated detoxification, 

p=8.32x10-3–3.72x10-5; NRF2-mediated oxidative stress response, p=0.02-

4.47x10-4) among cis-eGenes. These biological pathways may play key roles in 

modulating insulin sensitivity in African Americans. 

Compared to cis-eQTLs, the effect sizes of trans-eQTLs are generally 

small, requiring larger sample sizes for robust detection of trans-eQTLs 

(Grundberg et al. 2012). A recent eQTL analysis in adipose tissue from 

Caucasian female twins (MuTHER Project, N=856) identified 3,529 cis-eQTLs (at 

FDR 1%) and 639 trans-eQTLs (at FDR 10%) (Grundberg et al., 2012). A 

stringent threshold (FDR<1%, with corresponding uncorrected p-values <2.6x10-9 

in adipose tissue) was used to account for the large number of tests performed 

for trans-eQTL analysis in the AAGMEx cohort, and it identified 322 and 591 
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trans-eGenes in adipose and muscle, respectively. Thus, the number of trans-

eGenes identified in AAGMEx is consistent with expectations and comparable to 

published studies on adipose and other tissues.   

Mining of the NHGRI catalogue of GWAS (Hindorff et al. 2009) and 

MAGIC GWAS meta-analysis (Scott et al. 2012) results revealed association of 

cis-eSNPs in this study with T2D and related phenotypes. Although these SNP-

disease association results are primarily from cohorts of individuals not of African 

descent, integration of eQTL data from our African American participants 

suggests molecular mechanisms that are putatively regulated by these SNPs and 

sequentially modulating disease susceptibility. 

Cis-eSNPs for many adipose and muscle transcripts showed association 

with T2D and BMI in MEDIA (Ng et al. 2014) and AAAGC (Monda et al. 2013) 

African Americans, supporting roles for these transcripts in T2D. Genes 

modulated by disease-associated cis-eSNPs (e.g., CD36, CAMK2A, IRS2, 

POMC, TLR4, XBP1) are involved in the pathophysiology of T2D, obesity and 

related traits; whereas the roles of other cis-eGenes (e.g. ADAL, ATP5SL, 

MCCC1) are unknown. Interestingly, among the target cis-eGenes for these 

GWAS-identified SNPs, mRNA expression of 55 genes in adipose, and 20 genes 

in muscle was significantly associated with the glucose homeostasis or obesity 

phenotypes in AAGMEx African Americans. This observation suggests the 

putative role of these GWAS-identified SNPs and respective cis-eGenes in 

pathophysiology of T2D and related metabolic diseases. Association summary 

statistics were available from the MEDIA and AAAGC cohorts for directly 
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genotyped SNPs and HapMap reference panel imputed SNPs. Association 

results for a subset of cis-eSNPs or their proxies (those that were not among the 

HapMap SNPs) were not available from these GWAS. Thus, the role of cis-

eSNPs of several transcripts identified in this study cannot be evaluated in the 

MEDIA and AAAGC cohorts.  

Target cis-eGenes of T2D-associated SNPs from MEDIA African 

Americans overlapped with target cis-eGenes of glucose homeostasis trait-

associated SNPs from MAGIC Caucasians. Cis-eSNPs for 18 genes (ACAD10, 

CUL3, G3BP2, GIN1, HLA-DPA1, HLA-DPB1, HSPA1B, KCTD10, NOTCH4, 

PFDN1, PPM1M, RNF41, SNX17, ST7L, STARD10, TIPARP, TMEM116, and 

WDR6) were associated with T2D in MEDIA African Americans and were also 

associated with glucose homeostasis phenotypes (e.g., fasting glucose, 2h-

OGTT glucose and fasting insulin) in Caucasians from MAGIC cohorts.  Similarly, 

target cis-eGenes of BMI-associated SNPs from AAAGC African Americans 

overlapped with target cis-eGenes of glucose homeostasis trait-associated SNPs 

from MAGIC Caucasians. Cis-eSNPs for 12 genes (APIP, ASAP3, BCS1L, GIN1, 

HSPA1B, PPP1CB, RABEP1, RPP40, SNX17, TMEM60, TOM1, and 

UHRF1BP1) were associated with BMI in AAAGC African Americans and were 

also associated with glucose homeostasis phenotypes in MAGIC Caucasians. 

Thus, regulatory SNP mediated modulation of the transcript expression of some 

target genes may modulate susceptibility to T2D and related gluco-metabolic 

phenotypes in individuals from either African or European ancestry. 
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In conclusion, this study identified genetic loci influencing the expression 

of several genes in adipose and muscle of African Americans. Additionally, this 

study provides data on molecular mechanisms putatively regulated by eSNPs 

and sequentially modulating susceptibility for T2D and related metabolic 

phenotypes in African Americans.  
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Table I: Top 20 cis-eQTLs common in adipose and muscle tissue of African Americans 

cis-eSNP Chr A1 MAF 
in Adipose In Muscle 

Probe ID 
Entrez  

Gene ID 
Symbol 

β P-value Q-value β P-value Q-value 

rs7143432 14 C 0.391 0.96 1.97E-125 7.97E-119 1.10 1.58E-125 2.23E-119 ILMN_1798177 91612 CHURC1 

rs11191642 10 G 0.091 1.13 1.59E-117 1.61E-111 1.18 1.36E-146 3.36E-140 ILMN_1773313 84833 USMG5 

rs74345571 5 G 0.440 1.03 4.60E-113 3.49E-107 0.45 2.52E-111 1.18E-105 ILMN_1743145 64167 ERAP2 

rs1055340 10 A 0.251 -0.41 2.91E-83 8.03E-78 -0.32 1.58E-64 1.44E-59 ILMN_1795336 9317 PTER 

rs8413 9 G 0.365 -0.40 3.42E-83 9.02E-78 -0.28 2.75E-82 4.74E-77 ILMN_1811301 56623 INPP5E 

rs200198999 18 G 0.191 -0.60 3.01E-72 5.63E-67 -0.40 4.18E-61 3.24E-56 ILMN_1776515 65258 MPPE1 

rs2137471 8 G 0.396 -0.40 3.45E-72 6.34E-67 -0.23 1.79E-54 9.46E-50 ILMN_1720059 79618 HMBOX1 

rs59347416 9 T 0.153 -0.54 2.44E-71 4.28E-66 -0.21 1.55E-53 7.87E-49 ILMN_1744980 84186 ZCCHC7 

rs2232745 2 T 0.457 -0.34 8.32E-68 1.23E-62 -0.29 2.54E-66 2.63E-61 ILMN_1655340 51255 RNF181 

rs6873912 5 A 0.271 0.39 3.47E-67 5.02E-62 0.49 5.95E-81 9.44E-76 ILMN_2103295 10412 TINP1 

rs7021977 9 A 0.327 0.43 3.66E-67 5.23E-62 0.37 2.42E-49 9.58E-45 ILMN_1808661 401505 TOMM5 

rs28405687 2 T 0.375 0.40 1.11E-66 1.50E-61 0.34 1.73E-54 9.22E-50 ILMN_1770020 53938 PPIL3 

rs6663 12 T 0.165 0.55 1.75E-65 2.13E-60 0.15 1.18E-39 2.66E-35 ILMN_1719064 83892 KCTD10 

rs6873912 5 A 0.271 0.42 2.41E-57 1.80E-52 0.50 2.02E-81 3.26E-76 ILMN_1694259 10412 NSA2 

rs3796683 4 T 0.366 -0.58 3.31E-53 2.09E-48 -0.40 2.36E-47 8.22E-43 ILMN_1656560 25849 PARM1 

rs73992309 17 G 0.064 -0.47 9.31E-50 5.00E-45 -0.61 8.54E-61 6.46E-56 ILMN_1685112 51204 TACO1 

rs73366229 17 C 0.270 0.38 4.57E-49 2.36E-44 0.15 7.24E-21 3.47E-17 ILMN_1720708 1453 CSNK1D 

rs17856037 14 T 0.178 -0.73 1.37E-44 5.73E-40 -0.39 1.11E-30 1.33E-26 ILMN_3243744 55837 EAPP 

rs3211938 7 G 0.100 -0.86 9.59E-44 3.78E-39 -0.98 2.37E-35 4.01E-31 ILMN_1796094 948 CD36 

rs2908700 12 C 0.415 0.40 2.72E-43 1.04E-38 0.18 1.73E-23 1.11E-19 ILMN_1784608 9976 CLEC2B 

 

Shown are the cis-eSNPs (genotyped SNP within ±500kb of the 5' and 3' end of the transcript) that are most strongly associated (Q-

value < 0.01) and in the same direction for the same transcripts are shown. Chr, Chromosome; A1, Minor Allele; MAF, Minor Allele 

Frequency; β, effect size of minor allele (A1); P-value, significance in additive model (MatrixEQTL analysis); Q-value, false discovery 

rate. Results for all 317 cis-eGene associated with same cis-eSNPs and showed the same allele direction of effect in both tissues are 

provided in Supplementary Table 4.  



96 
 

Table II: cis-eSNPs for adipose and muscle tissue transcripts associated with T2D and BMI in GWAS meta-analysis in African 

Americans Subjects 

A) eSNPs (FDR 1%) from the AAGMEx cohort are associated with T2D (p≤0.0001) in the “Meta-analysis of Type 2 Diabetes in 

African Americans” Consortium cohorts. 

SNP 
SNP 
Chr 

SNP 
Pos 

A1 MAF 
Illumina 

Probe_ID 
Tissue β 

P 
Value

a
 

Symbol 
Entrez 

Gene_ID 
Allele1 Freq1 

OR 
(95% CI) 

P 
Value

b
 

N 

rs1594 2 202025621 C 0.443 ILMN_1770020 Ad -0.166 5.90E-09 PPIL3 53938 A 0.527 
0.912 

(0.873-0.953) 
4.17E-05 23737 

     ILMN_1789830 Ad 0.119 5.07E-07 CFLAR 8837      

     ILMN_1770020 Mu -0.114 1.01E-05 PPIL3 53938      

     ILMN_1789830 Mu 0.086 2.45E-05 CFLAR 8837      

rs2930532 15 44133890 C 0.191 ILMN_1725043 Ad -0.068 1.08E-05 ADAL 161823 T 0.813 
1.137 

(1.069-1.210) 
4.89E-05 21261 

     ILMN_1725043 Mu -0.065 1.32E-07        

rs7259208 19 41894678 A 0.094 ILMN_1809027 Ad 0.163 5.64E-09 ATP5SL 55101 A 0.096 
1.184 

(1.098-1.277) 
1.20E-05 22755 

     ILMN_1809027 Mu 0.156 1.18E-06        

 

B) eSNPs (FDR 1%) from the AAGMEx cohort are associated with BMI (p≤0.0001) in the “African Ancestry Anthropometry Genetic 

Consortium” cohorts 

SNP 
SNP 
Chr 

SNP 
Pos 

A1 MAF 
Illumina 

Probe_ID 
Tissue β 

P 
Value

a
 

Symbol 
Entrez 

Gene_ID 
Allele1 Freq1 

Effect 
(SE) 

P 
Value

b
 

N 

rs4074110 3 182728669 C 0.140 ILMN_1760174 Mu 0.109 6.65E-08 MCCC1 56922 A 0.830 
-0.051 
(0.011) 

6.11E-06 37033 

rs6005881 22 29183133 A 0.336 ILMN_1809433 Mu 0.082 2.60E-06 XBP1 7494 A 0.351 
-0.034 
(0.008) 

3.62E-05 38497 

rs7018469 9 114195274 C 0.140 ILMN_1704531 Ad 0.429 2.81E-18 PTGR1 22949 T 0.870 
-0.058 
(0.013) 

1.86E-05 29370 

     ILMN_2225537 Ad 0.463 4.50E-22 PTGR1       
     ILMN_1704531 Mu 0.173 9.68E-17 PTGR1       
     ILMN_2225537 Mu 0.205 7.85E-20 PTGR1       

rs7949567 11 85251005 G 0.346 ILMN_1784847 Ad -0.071 2.17E-07 CREBZF 58487 A 0.633 
0.036 

(0.008) 
7.10E-06 39130 

     ILMN_2336609 Mu -0.225 4.21E-10 SYTL2 54843      

     ILMN_2217809 Mu 0.211 6.42E-24 
TMEM12

6A 
84233      

In eQTL analysis: A1, Minor Allele;MAF, Minor Allele Frequency; β, effect size of minor allele (A1); P-valuea, significance in additive 

model. In T2D and BMI GWAS meta-analysis: Allele1, effect allele; Freq1, frequency of effect allele; P-valueb, GWAS Meta-analysis 

p-values. Ad, subcutaneous adipose tissue; Mu, skeletal muscle tissue. Other T2D or BMI associated (p<0.01) eSNPs are shown in 

supplementary table 9 and 10
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Figure 1. Expression quantitative trait locus (eQTL) analysis identified regulatory polymorphisms for adipose and 

muscle tissue transcripts in African Americans. Opposing Manhattan plot showing chromosomal distribution of -
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log10(p-values) for association of all cis-SNPs (±500 kb of the transcript start and end) tested for transcripts (all probes 

representing refSeq genes) expressed in adipose and muscle. Significance threshold (Q-value <0.01) is marked by 

fluorescent yellow color lines. (A). A Venn diagram (B) shows common and tissue specific cis- and trans-eGenes 

(FDR<0.01 and selected clean probes representing known genes) in adipose and muscle. Top cis-eSNPs for 317 

transcripts showed the same direction of effect in both tissues (C)  
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Figure 2. Physical location of cis-eSNPs with respect to transcription start sites of each gene. Distance distribution 

of each transcript’s most strongly associated cis-eSNPs (FDR<0.01) to its TSS in adipose (A) and muscle (B). Each bar 

represents the count of top cis-eSNPs in 10kb bins. Plots C and D show distribution of significance level (-log10 p-values) 

of all genotyped cis-eSNPs (FDR<0.01) relative to TSS in adipose and muscle. 
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Figure 3. Genomic distribution and functional annotation of cis-eSNPs. Bar graph shows functional annotation of 

each adipose and muscle tissue transcript’s most strongly associated cis-eSNPs (FDR<0.01) in the genome. 
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Abstract: 

Objective:  Systemic lupus erythematosus (SLE) is a chronic autoimmune 

disorder whose etiology is incompletely understood, but likely involves 

environmental triggers in genetically susceptible individuals. We sought to 

identify the genetic loci associated with SLE in a Korean population by 

performing an unbiased genome-wide association scan.  

Methods:  A total of 1,174 Korean SLE cases and 4,248 population 

controls were genotyped with strict quality control measures and analyzed for 

association.  For select variants, replication was tested in an independent set of 

1,412 SLE cases and 1,163 population controls of Korean and Chinese 

ancestries. 

Results:  Eleven regions outside the HLA exceeded genome-wide 

significance (P<5x10-8). A novel SNP-SLE association was identified between 

FCHSD2 and P2RY2 peaking at rs11235667 (P = 1.0x10-8, odds ratio (OR) = 

0.59) on a 33kb haplotype upstream to ATG16L2. Replication for rs11235667 

resulted in Pmeta-rep=0.001 and Pmeta-overall=6.67x10-11 (OR=0.63).  Within the HLA 

region, association peaked in the Class II region at rs116727542 with multiple 

independent effects. Classical HLA allele imputation identified HLA-DRB1*1501 

and HLA-DQB1*0602, both highly correlated, as most strongly associated with 

SLE.  We replicated ten previously established SLE risk loci: STAT1-STAT4, 

TNFSF4, TNFAIP3, IKZF1, HIP1, IRF5, BLK, WDFY4, ETS1 and IRAK1-MECP2. 

Of these loci, we identified previously unreported independent second effects in 

TNFAIP3 and TNFSF4 as well as differences in the association for a putative 
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causal variant in the WDFY4 region.  

Conclusions:  Further studies are needed to identify true SLE risk effects 

in other suggestive loci and to identify the causal variant(s) in the regions of 

ATG16L2, FCHSD2, and P2RY2.  
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Systemic lupus erythematosus (SLE; [MIM152700]) is a chronic, 

heterogeneous autoimmune disease characterized by the loss of tolerance to 

self-antigens, dysregulated type I interferon responses, and inflammation, often 

resulting in systemic end-organ damage (Tsokos 2011). Immune dysfunction of 

SLE involves both B and T lymphocytes of the adaptive immune system, together 

with elements of the innate immune system, including dendritic cells and the 

complement system (Tsokos 2011). The clinical manifestations of SLE can be 

quite variable and can involve virtually any organ system.  Although the precise 

etiology of SLE is largely unknown, the pathogenic mechanism likely involves 

environmental triggers in a genetically susceptible host (Arbuckle et al. 2003). 

Few effective treatment options exist, largely due to an incomplete understanding 

of the pathophysiological basis of the disease. 

Genetic predisposition leading to increased risk of SLE is supported by 

high heritability (>66%), increased risk among siblings of affected patients 

(λs≈30), and an ~25% monozygotic twin concordance(Moser et al. 2009). Today, 

associations of more than 50 loci with SLE susceptibility have been identified and 

confirmed (Deng & Tsao 2014).  Many of these genes fall into known pathways 

that are key to innate and adaptive immune responses, lymphocyte activation 

and/or function, and immune complex clearance (Deng & Tsao 2014). However, 

a significant proportion of heritable risk to SLE has yet to be explained (Dai et al. 

2014). The identification of SLE-associated genes and their pathogenic 

mechanisms will greatly enhance our understanding of lupus pathophysiology 

and facilitate the development of effective diagnostic, prognostic, and therapeutic 
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tools. To date, large-scale genome-wide genetic studies of Asian SLE 

populations have focused on Han Chinese (Han et al. 2009; Yang et al. 2010; 

Yang et al. 2013) and Japanese (Okada et al. 2012). Moreover, several reports 

have shown that transracial mapping of SLE loci can aid in the dissection of risk 

effects (Deng & Tsao 2014).  In this study, we performed a genome-wide 

association (GWA) scan to identify genes associated with SLE in an East Asian 

population from Korea. 

 

Methods: 

Subjects:  A total of 1,174 patients with SLE were recruited from the 

Hanyang University Hospital for Rheumatic Diseases (HUHRD) and six other 

university hospitals in Korea (Kim et al. 2014). In addition, 552 ethnically 

matched healthy controls were recruited from HUHRD. The 3,700 ethnically 

matched out-of-study population controls were recruited from the Korean 

National Institutes of Health (Kim et al. 2014). In addition, an independent cohort 

of 1,412 SLE cases and 1,163 population controls were used for the replication 

studies (Lessard et al. 2012; Kaiser et al. 2013). This sample set consisted of 

739 Korean SLE cases and 436 Korean controls as well as 677 Chinese SLE 

cases and 709 Chinese controls (Supplementary Table 1). 

Written, informed consent from each participant was obtained by each 

participant following protocols approved by the Institutional Review Boards of 

participating institutes.  All cases used in this study fulfilled at least 4 of the 11 

American College of Rheumatology criteria for SLE (Hochberg 1997), while 
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healthy, population-based controls were without family history of SLE or any 

other autoimmune disease.   

 

GWA scan Genotyping, Sample Quality Control, and Ascertainment 

of Populations Stratification:  Samples were genotyped using the Illumina 

HumanOmni1-Quad or HumanOmniExpress arrays using Infinium chemistry at 

Oklahoma Medical Research Foundation (OMRF) following the manufacturer’s 

protocol (Illumina, Inc., San Diego, CA). The out-of-study GWA controls were 

genotyped on the HumanOmni1-Quad arrays by the Korea National Institutes of 

Health. Strict quality control standards were implemented for SNPs retained in 

the association analysis, including requirements for well-defined cluster scatter 

plots.  Samples were excluded if they had a SNP call rate <90%. SNPs were 

considered high quality SNPs if they had call rates >95%, no evidence of 

differential missingness between cases and controls (P < 0.05) and no evidence 

of a departure from expected Hardy-Weinberg proportions (controls P < 0.01, 

cases P < 0.000001). Inference is primarily based on those SNPs with minor 

allele frequency (MAF) greater than 1%. 

Based on the SNPs that passed the above quality control thresholds, 

samples were removed if there were inconsistencies between recorded and 

genotype-inferred gender or excess heterozygosity on the autosomes.  

Duplicates and first- or second-degree relatives were removed based on identity-

by-descent statistics computed by the program KING (Manichaikul et al. 2010). 

Principal components (PCs) were computed with the samples and merged with 
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HapMap phase 3 individuals (CEU, YRI, and CHB) as reference 

populations(Frazer et al. 2007) using EIGENSOFT (Price et al. 2006).  Principal 

component analysis (PCA) was performed on a subset of autosomal SNPs that 

were selected by removing regions of known high linkage disequilibrium (LD), 

removing variants with MAF < 0.05, and pruning markers to reduce extended 

pairwise LD. The PCs were used to remove genetic outliers (Supplementary 

Figure 1). The dataset that passed laboratory and statistical quality control was 

composed of 1174 SLE cases (1096 females and 78 males) and 548 within-study 

controls (547 females and 1 male). In addition, 3698 out-of-study controls (2330 

females and 1368 males) were merged into the within-study genotype data.  

 

Statistical Analysis:  To test for an association between a SNP and SLE 

status, a logistic regression analysis was computed including PC 3 as a covariate 

since no additional PC significantly changed the inflation factor (λ). Primary 

inference was based on the additive genetic model unless there was significant 

lack-of-fit (P < 0.05). If there was evidence of a departure from an additive model, 

then inference was based on the most significant value from the dominant, 

additive or recessive genetic models.  The additive and recessive models were 

computed only if there were at least 10 and 30 individuals homozygous for the 

minor allele, respectively. The analyses were completed using the program 

SNPGWA version 4.0.  For the analysis of chromosome X SNPs, the samples 

were stratified by gender and then meta-analyzed across gender using the 

program METAL (Willer et al. 2010).   
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To determine the number of independent associations within each SLE-

risk locus exceeding the genome-wide significance threshold, a manual stepwise 

model or conditional analysis was computed. The stepwise modeling or 

conditional analysis was implemented using forward selection with backward 

elimination using the entry and exit criteria of P < 0.0001, which accounted for 

approximately 500 independent variants within a given genomic region.  

Specifically, for each region of interest, the top SNP was included as a covariate 

and the association statistics were re-calculated. SNPs were allowed to enter 

and exit models in this stepwise fashion until no additional SNPs met a 

significance threshold of P < 0.0001. 

 

Replication Genotyping, Sample Quality Control, and Ascertainment 

of Populations Stratification:  Genotypes were obtained using TaqMan assays 

(Life Technologies, Grand Island, NY) for four SNPs:  rs2267828, rs10901656, 

rs11235667, and rs1048257.  Analysis was conducted for these cohorts 

independently to allow for PC analysis using previously collected data.  Ancestry 

adjustments for the Koreans were described previously in Lessard et al., 

(Lessard et al. 2012).  For the Chinese subjects, the PCA was done with slight 

modification from what was reported in Kaiser et al. (Kaiser et al. 2013).  In this 

study, 7,918 randomly selected autosomal ImmunoChip SNPs with MAF>1%, 

low pairwise LD (r2 < 0.1), and no evidence of association with SLE (P > 0.01) 

were used to perform PC analysis using EIGENSOFT.  PC analysis plots of the 

CHB and CHS subjects in the 1000 Genomes Project along with our subjects 
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were used to select and remove genetic outliers.  The first PC (Chinese cohort) 

and PCs 1, 2, and 3 (OMRF and UCLA Korean datasets) were included as 

covariates in the logistic regression models based on the variance explained in 

each dataset.  These dataset were than meta-analyzed using the program 

METAL (Willer et al. 2010).  To test for heterogeneity among the individual 

association results in the meta-analysis, we utilized both the Cochran's Q test 

statistic (Cochran 1954) and I2 index (Higgins et al. 2003). 

 

Imputation:  To help localize the associations in the genome-wide 

significant regions, ungenotyped variants were imputed based on the reference 

panel from the 1000 Genomes Project (Abecasis et al. 2010). Specifically, the 

program SHAPEIT was used to pre-phase the genotype data (Delaneau et al. 

2012). After phasing the data, IMPUTE2 was used for the imputation with the 

1000 Genomes Phase I integrated reference panel (Howie et al. 2009). The 

imputed data was filtered using standard post-imputation quality control based on 

IMPUTE2 information scores >0.5 and confidence scores >0.9 for subsequent 

association tests. Post-association analysis required genotyped SNPs in LD with 

imputed variants to support the inferred alleles as true signals. The program 

SNPTESTv2 was used to test for association of the imputed variants (Marchini & 

Howie 2010). 

Imputation of the HLA classical alleles in the genes HLA-A, -B, -C, -DPB1, 

-DQA1, -DQB1, and -DRB1 was done using the program HiBAG (Zheng et al. 

2014) and the Asian reference panel. In this sample, ~21% of the reference 
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SNPs used by HiBAG were missing genotype data. To address this issue, HLA 

imputation was repeated after filling in the missing genotype data with the “best 

guess” imputed SNP data from the 1000 Genomes imputation described above. 

By using the “best guess” genotype data with a posterior probability >0.90, the 

percent of missing variants in the reference set was reduced to 0.36%. 

Results: 

Summary of the genome-wide association phase.  We observed 

modest inflation in the test statistic (λ=1.09) with only slight deviation from 

expected once the HLA and other known SLE loci were removed (Supplementary 

Figure 2). A total of eleven regions surpassed the genome-wide significance 

threshold of P < 5x10-8 with STAT4 (MIM600558) yielding the most significant 

genotyped association with SLE at rs11889341 (P = 8.02x10-19; Figure 1A and 

Table 1). Of the non-HLA regions, 10 risk loci had been previously identified and 

confirmed as risk loci for SLE, including STAT1 (MIM600555)-STAT4, IKZF1 

(MIM603023), TNFAIP3 (MIM191163), TNFSF4 (MIM603594), HIP1 

(MIM601767), IRF5 (MIM607218), ETS1 (MIM164740), BLK (MIM191305), 

WDFY4 (MIM613316), and IRAK1 (MIM300283)-MECP2 (MIM300005). In 

addition, association not previously described for SLE risk was observed at 

11q14 (Figure 1A).  

 

Association at 11q14 with SLE.  This SNP-SLE association was 

observed with a single variant located between FCHSD2 (MIM not available) and 

P2RY2 (MIM600041) (rs11235667; P=1.03x10-8; odds ratio (OR) = 0.59; 95% 
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confidence interval (CI) = 0.50-0.71; Figure 1B, Table 2, and Supplementary 

Table 2).  Moreover, additional support was observed with genotyped variants in 

the region (Supplementary Table 2).  After imputation of the 11q14 region 

showing association with SLE, rs11235667 remained the most significant 

association (Figure 1B and Supplementary Table 2).  However, a haplotype was 

identified with 8 variants exceeding the genome-wide significance threshold that 

spanned from ATG16L2 (MIM not available) through FCHSD2 to the shared 

promoter region with P2RY2. Stepwise logistic regression analysis adjusting for 

rs11235667 indicated the presence of only a single effect (Supplementary Figure 

3).  

Replication analysis for the primary signal in the region of FCHSD2-

P2RY2 was done using independent cohorts from Korea and China 

(Supplementary Table 1).  The SNP rs11235667 between FCHSD2 and P2RY2 

continued to show significant SLE association and similar effect size (Pmeta-rep = 

0.001; OR = 0.71, 95% CI = 0.57-0.87).  The overall meta-analysis between 

GWA and replication studies yielded a Pmeta-overall = 6.67x10-11 (OR = 0.63, 95% 

CI = 0.55-0.72; Table 2). No evidence of heterogeneity was observed in the 

meta-analysis (Table 2).  

Bioinformatics analysis using Haploreg v2 (Ward & Kellis 2012) revealed 

that the region around rs11235667 was hypersensitive to DNase 1 in B cells by 

the ENCODE project (Bernstein et al. 2012).  This variant has been shown to be 

located within an enhancer element in multiple immunological cell types based 

on the Epigenetic Roadmap data (Supplementary Table 3) (Lister et al. 
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2009).  Chromatin immunoprecipitation followed by sequencing (ChIP-seq) 

experiments carried out by the ENCODE project found POL2 and YY1 proteins 

cross-linked to this region.  Moreover, sequence prediction methods indicate that 

rs11235667 can alter the binding motif for the FOXa family of transcription 

factors using sequence prediction methods according to Haploreg v2 (Ward & 

Kellis 2012).  These data suggest the likely functional mechanism involves 

regulation of expression of ATG16L2, FCHSD2 and/or P2RY2.  However, current 

eQTL databases do not suggest that rs11235667 influences the expression of 

these loci (Ward & Kellis 2012; Raj et al. 2014).  This could be due to the lack of 

data in the correct cell and/or tissue type and/or that some databases do not 

interrogate this SNP in their studies.   

Of the other 8 variants that exceeded genome-wide significance on the 

haplotype, several findings make rs11235604 an intriguing potential causal 

variant (Supplemental Table 3).  This variant is a missense allele (R220W) that 

resides in the coding region of ATG16L2.  Although it is predicted to be benign by 

PolyPhen-2 (Adzhubei et al. 2010), it is possible this variant may still impact SLE.  

Haploreg v2 (Ward & Kellis 2012) does report that rs11235604 alters 8 predicted 

regulatory motifs, and this variant is thought to be an active enhancer in several 

immunologically relevant cell types (Supplementary Table 3).  Further work is 

needed to conclusively identify the polymorphism(s) responsible for this 

association signal.  These studies would include evaluating the potential impact 

of rs11235667 on the expression of ATG16L2, FCHSD2, and/or P2RY2. In 

addition, experiments are needed to assess the impact on ATG16L2 of the 
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missense allele arising from rs11235604 and/or any other variant(s) within this 

haplotype.  

 

Association in the HLA region in Koreans with SLE.  One of the most 

consistent associations with SLE has been with the human leukocyte antigen 

(HLA) region.  Although the HLA was not the most statistically significant 

genotyped region, the SNP rs116727542 (P = 6.15x10-24; Table 3), which is 

located in a broad peak of association that was observed spanning HLA-DR 

(MIM142860) through -DQ (MIM146880), showed the strongest SNP-SLE 

association after imputation (Figure 2A, Table 3, and Supplementary Table 4).  

The interval between HLA-DR and -DQ has previously been implicated Koreans 

(Lee et al. 2014).  In an attempt to identify the number of independent effects in 

this complex region, we used the stepwise approach described above and found 

ten independent effects (see Supplementary Figure 4A for results of the stepwise 

regression analysis).  The first four variants identified in the stepwise regression 

analysis, rs116727542, rs9273371, rs114653103, and rs115253455, are all 

located in the HLA Class II region (Figure 2A, Supplementary Figure 4A, and 

Supplementary Table 4). 

To better understand the relationship between the variants reported in this 

study and the classical HLA alleles, we imputed alleles at HLA A, B, C, DPB1, 

DQA1, DQB1 and DRB1.  The peak statistical significance was observed at P = 

5.55x10-16 for the two tightly linked alleles, HLA-DRB1*1501 (OR = 1.85; 95% CI 

= 1.59-2.14) and HLA-DQB1*0602 (OR = 1.90; 95% CI = 1.62-2.21; Figure 2A, 
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Table 4, and Supplementary Table 5).  Stepwise logistic regression modeling of 

the HiBAG-imputed HLA alleles identified 13 independent effects (Table 4).  To 

better relate the classical alleles to the variants identified in this GWA scan, 

stepwise modeling was done with both SNPs and classical HLA alleles.  The 

peak effect after 1000 Genomes imputation was rs116727542, which accounted 

for by HLA-DQB1*0602 and HLA-DRB1*0803 (see Supplementary Figure 4B for 

results of the additional 8 rounds of the stepwise regression analysis). 

 

Non-HLA SLE associations previously reported and identification of 

novel independent effects.  Several previously identified non-HLA SLE loci 

were also replicated in this study, including: STAT1-STAT4, TNFSF4, TNFAIP3, 

IKZF1, HIP1, IRF5, BLK, WDFY4, ETS1, and IRAK1-MECP2 (Table 1, Figure 

2B-D, Supplementary Figures 5 to 11, and Supplementary Tables 6 to 15.   Of 

these loci, the associations in the region of TNFAIP3, TNFSF4, and WDFY4 

have notable differences from previous studies.   

After imputation of the TNFAIP3 region, the primary independent effect in 

the stepwise model was observed at rs5029937 located within the second intron 

of TNFAIP3 (Table 1 and Figure 2B).  The second independent effect was 

identified at rs9373203 3’ of the TNFAIP3 coding region.  A previous SLE study 

in Han Chinese (Han et al. 2009) reported rs2230926 as associated with 

disease, and another SLE transracial mapping study in Koreans (with partial 

overlap of subjects with the current study) and Europeans (Adrianto et al. 2011) 

identified risk of SLE with rs7749323.  Both variants (rs2230926 and rs7749323) 
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are highly correlated with rs5029937, with D’ = 1.0 and r2 > 0.98, indicating 

consistency between our results and these previous reports (Supplementary 

Figure 12).  In addition, the second effect tagged by rs9373203 was not identified 

in either the Han et al or Adrianto et al. studies (Figure 2B).  Musone et al. 

(Musone et al. 2008) identified multiple effects, some of which spanned even 

further 3’ of TNFAIP3 than rs9373203.  After their stepwise analysis, they 

identified rs6922466 as the tagging variant accounting for this association; 

however, this variant is not associated with SLE in the current study of Koreans.  

Moreover, the LD between these variants is very weak in Koreans (r2 = 0.00; D’ = 

0.43), giving additional evidence that rs9373203 may be an independent effect 

warranting further study (Supplementary Figure 12). 

 In the region of TNFSF4 after imputation, two independent effects were 

observed in the stepwise model.  The first effect, peaking at rs76413021, is 

located in the first intron of the TNFSF4 coding region (Table 1 and Figure 2C). 

This variant is in LD with rs2205960 (D’=0.98, r2=0.94) and rs1234315 (D’ = 0.97, 

r2 = 0.48) and was previously identified from the Han Chinese GWA scan (Han et 

al. 2009) (Supplementary Figure 13).  Moreover, this effect is consistent with the 

results reported in Europeans (Graham et al. 2008).  The second independent 

effect, which is distinct from previous studies, peaks at rs4916342, which is 

located in an intron LOC100506023 just 5’ of TNFSF4 (Figure 2C).  Neither Han 

et al. (Han et al. 2009) nor Cunninghame Graham et al. (Graham et al. 2008) 

reported association signals as far 5’ of TNFSF4 as our observation of the 

second independent effect tagged by rs4916342.  In a transracial mapping study 



116 
 

of this region by Manku et al. (Manku et al. 2013) that included subjects from 

East Asia, a second independent effect (tagged by rs1234314) was identified that 

is.  In our current study of Koreans, we found that the first effect, tagged by 

rs76413021, accounted for rs1234314 in the stepwise model.  Although 

rs1234314 and rs4916342 are located in the same general genomic location, the 

LD structure further supports the observation that they are not the same genetic 

effect; however, all the risk variants are located on a single risk haplotype 

(Supplementary Figure 13).  This suggests that risk alleles for both rs76413021 

and rs4916342 are needed to confer susceptibility to disease. 

In the region of WDFY4, the current study did not replicate rs877819, 

which has been previously reported to result in a downregulation of WDFY4 

through modification of a YY1 binding site (Table 1) (Zhao et al. 2012).  However, 

the results for WDFY4 in Koreans are consistent with two previous studies.  First, 

the most statistically significant association within this region, the coding variant 

rs7097397 leading to an amino acid substitution R1816Q (P = 2.10x10-9), was 

previously reported by Yang et al. (Yang et al. 2010).  Second, we also 

demonstrate association for rs1913517, which was identified previously by Han 

et al. (Han et al. 2009) (P = 2.54x10-5; Table 1 and Figure 2D).  Our haplotype 

and stepwise regression analysis indicated that there were two independent 

effects in the region, with rs7097397 accounting for the association observed at 

rs1913517, and rs10857631 tagging the second independent effect (Figure 2D 

and Supplementary Figures 14 and 15). 
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Suggestive association with SLE identified in the genome-wide 

phase.  In total, 15 genotyped variants surpassed the suggestive threshold of P 

< 2x10-6 and were considered for further replication (Supplementary Table 16).  

Replication was attempted for three additional variants located within GTF2IRD1, 

DOCK1, and AHNAK2, all of which have multiple genotyped variants showing 

suggestive significance and/or have been previously implicated in other related 

phenotypes (Table 2).  Only rs2267828 near GTF2IRD1 yielded a Pmeta-rep < 0.05, 

but this variant did not surpass genome-wide significance after meta-analysis 

with the GWA scan (Table 2).  The variant in the region of AHNAK2, rs1048257, 

was trending towards significance, while rs10901656 near DOCK1 showed 

association in one replication cohort with the opposite allele (Table 2).  Outside of 

the 10 regions previously reported SLE loci described above, we observed only 

eight additional loci with 5x10-8 < P < 5x10-5 on the list of ~50 that have been 

described previously (Supplemental Table 17).  This is likely due to the limited 

power of this study and/or results from population-specific differences from the 

studies in which these discoveries were originally identified.  

 

Discussion: 

The association in this region peaks between three candidate genes, 

ATG16L2, FCHSD2, and P2RY2, all of which have the biological potential to 

impact SLE pathophysiology.  While this locus has not been reported in other 

systemic autoimmune diseases, variants in this region are associated with 

Crohn’s disease (MIM266600) in Korean subjects (Yang et al. 2014).  Moreover, 
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the peak variant identified in Crohn’s disease, rs11235667, was also the variant 

discovered in this current study with SLE.  The missense variant, rs11235604, 

was also reported to be associated in Crohn’s disease (Yang et al. 2014).  GWA 

studies conducted in SLE in Europeans did not identify this locus since it is 

monomorphic in that population.   Moreover, GWA scans in Han Chinese both 

used the Illumina Human 610-Quad bead chip, which did not contain rs11235667 

(Han et al. 2009; Yang et al. 2010; Yang et al. 2013). 

ATG16L2 (autophagy related 16-like 2) is a ubiquitously expressed 

homologue of the gene ATG16L1 (MIM610767) that has been implicated as a 

risk locus for Crohn’s disease in patients of European descent (Hampe et al. 

2007; Wu et al. 2009).  Both loci are involved in autophagy; however, little is 

known about the role ATG16L2 plays in the process. Interestingly, this pathway 

has been previously implicated in SLE.  The gene ATG5 (MIM604261) has also 

been implicated as a risk locus for lupus (Han et al. 2009; Harley et al. 2008).  

Studies in the mouse have shown that Apg16l (the mouse equivalent of human 

ATG16L) interacts with Apg5 (the mouse equivalent of human ATG5) suggesting 

that it is possible that ATG16L2 and ATG5 may also interact humans (Mizushima 

et al. 2003).  More studies are needed to understand the function ATG16L2 and 

if it is involved in the association with SLE. 

FCHSD2 (FCH and double SH3 domains 2) has been described as 

regulator of F-actin assembly through interactions with WAS (also known as 

WASP) and WASL (also known as N-WASP) (Cao et al. 2013).  FCHSD2 is 

primarily expressed in CD19+ B cells, dendritic cells, myeloid cells, CD4+ T cells, 
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and CD8+ T cells (Wu et al. 2009).  Previous studies have shown that WAS plays 

an important role in the migration of T cells through reorganization of the actin 

cytoskeleton subsequent to interactions with dendritic or B cells (Lafouresse et 

al. 2012).  

P2RY2 (purinergic receptor P2Y, G-protein coupled, 2) is known to be 

involved in many cellular functions and is expressed in myeloid cells including 

monocytes (Wu et al. 2009).  P2RY2 is a receptor for ATP and UTP that acts as 

a sensor for the release of nucleotides by apoptotic cells (Elliott et al. 

2009).  Mice null for P2RY2 showed a decreased ability to recruit monocytes and 

macrophages upon activation of nucleotides from apoptotic cells (Elliott et al. 

2009).  P2RY2 is also known to induce CCL2 secretion in macrophages, and 

coding variants in the receptor have been shown to influence secretion of this 

proinflammatory chemokine (Higgins et al. 2014).  

Although the HLA region has been implicated in SLE susceptibility since 

the 1970s, the precise loci responsible for risk have not been fully characterized. 

A further cross comparison of populations will be beneficial to take advantage of 

differences in linkage disequilibrium and will likely help further refine association 

signals seen in the GWA studies.  For the classical alleles, previous studies have 

identified associations with alleles in the HLA-DR locus in Europeans, Chinese, 

Japanese, and Koreans, but HLA-DQB1*0602 has not been implicated in 

Koreans before this current study (Lee et al. 2003; Graham et al. 2007; 

Furukawa et al. 2013; Furukawa et al. 2014).  Two prominent Classical HLA 

alleles identified in Europeans with SLE showed differences in association in 
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Koreans.  While HLA-DRB1*1501 was among the most significantly associated 

with SLE, HLA-DRB1*0301 was found to be at low frequency in this population 

and is not associated with SLE (Supplementary Table 5).  These results are 

consistent with a recent study in Koreans that evaluated the role of HLA in this 

population (Kim et al. 2014).  Moreover, this study report that amino acid 

changes to HLA-DRB1 at positions 11, 13, and 26 account for the HLA 

association in SLE (Kim et al. 2014).  However, it is possible that there are other 

amino acid changing variants, non-coding RNAs, and/or transcriptional changes 

for other HLA loci that are co-inherited with HLA-DRB1 on these haplotypes may 

also contributing to SLE risk. 

This GWA scan replicated several loci that have been identified by prior 

studies, including STAT1-STAT4, TNFSF4, TNFAIP3, IKZF1, HIP1, IRF5, BLK, 

WDFY4, ETS1, and IRAK1-MECP2.  It is important to note that a previous GWA 

scan of Korean women with SLE has also reported replication of STAT4 and BLK 

at a genome-wide significant level (Lee et al. 2014).  Of these replicated regions, 

TNFSF4, TNFAIP3, IKZF1, HIP1, IRF5, BLK, and ETS1 have functional effects 

that have been previously described (see details in Supplementary Table 18).  

Although most of the signals in these loci are identical, we did describe notable 

differences with independent effects in TNFSF4 and TNFAIP3.  Moreover, we did 

not observe association with rs877819, which had been proposed as putative 

causal variant leading to expression differences of WDFY4(35). 

In conclusion, we performed a GWA scan of Korean SLE cases and 

population controls in which we identified 12 regions that surpassed genome-
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wide significance.  The region from ATG16L2 through FCHSD2 to the promoter 

region of the P2RY2 locus was identified and confirmed as an SLE-associated 

region. Here, we also observed strong associations in the HLA region and 

showed the relationship between the classical HLA alleles and the variants 

reported within this GWA study in Koreans.  The ten additional regions, STAT1-

STAT4, TNFSF4, TNFAIP3, IKZF1, HIP1, IRF5, BLK, WDFY4, ETS1, and 

IRAK1-MECP2 have previously been implicated in SLE.  Additional replication is 

needed for the suggestive loci identified in this study to determine their 

relationship with SLE.  Although GWA approaches have been very successful in 

the identification of risk loci, continued efforts are need to narrow association 

signals to the causal variant(s) and to determine the functional causal 

mechanism(s) contributing to SLE pathogenesis.   
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Figure 1.  Summary of the genome-wide association results for 1174 SLE 

cases and 3698 controls of Korean ancestry and zoomed plot of the region 

associated with SLE at 11q14.  (A)  The -log10(P-value) for each genotyped 

variant is plotted along the Y-axis with the chromosome and chromosomal 
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position along the X-axis.  The gray line indicates the genome-wide significance 

threshold of P = 5x10-8. (B) The −log10(P-value) is plotted for each genotyped 

(shown as circles) and imputed (shown as triangles) variants, and with the peak 

association, rs11235667, is plotted as a diamond.  The linkage disequilibrium 

with rs11235667 is given by the scale on the figure.  The genome-wide 

significance threshold is displayed as a dashed line at P = 5 x10-8.  Association 

exceeding this threshold was found extending from ATG16L2 through FCHSD2 

to the shared promoter region with P2RY2. 
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Figure 2.  Expanded view of the association between SLE and the HLA, 

TNFAIP3, TNFSF4, and WDFY4 regions.  The –log10(P-value) is plotted for 

each observed (shown as circles) and imputed (shown as triangles) variant in the 

MHC region according to base-pair position from 26Mb to 34Mb on chromosome 

6 (A). Linkage disequilibrium with the first four variants included in the stepwise 

logistic regression analysis is shown with rs116727542 (blue diamond), 

rs114653103 (red diamond), rs9273371 (green diamond), and rs115253455 

(gold diamond) all located within the HLA Class II region.  The insert on the left 

shows the –log10(P-value) of the imputed classical alleles plotted according to 

base-pair position from 31Mb to 33.5Mb.  The additional plots show results for 

Chromosome 6 in the region of TNFAIP3 (B), Chromosome 1 for the TNFSF4 (C) 

effects, and Chromosome 10 for WDFY4 (D).  For each independent effect, the 

B. 

C. 

D. 

A. 
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peak associations are represented by a diamond (blue for the first effect and red 

for the second, if applicable), and the correlation of variants accounted for by 

each effect is given in their respective color according the legends present in 

each plot.  The genome-wide significance threshold is displayed as a dashed line 

on each plot at P = 5 x10-8. 
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Table I: Single locus analysis of previous SLE associations outside of HLA region 

Marker Chr
A
 Position Upstream Gene Downstream Gene Within Gene MAF

B
 PGWAS Model Obs/Imp

C
 OR (95% CI

D
) Maj/Min

E
 

rs1234314 1 173177392 1kb from TNFSF4 269kb from PRDX6 - 0.37 9.25x10
-11

 Add Imp 1.37 (1.25-1.51) C/G 

rs2205960 1 173191475 15kb from TNFSF4 255kb from PRDX6 - 0.25 1.03x10
-11

 Add Imp 1.44 (1.30-1.60) G/T 

rs76413021 1 173206297 30kb from TNFSF4 240kb from PRDX6 - 0.23 3.26x10
-13

 Add Imp 1.52 (1.36-1.71) G/A 

rs844644 1 173209495 33kb from TNFSF4 237kb from PRDX6 - 0.4 4.47x10
-11

 Add Obs 1.37 (1.25-1.50) A/C 

rs10489265 1 173236065 60kb from TNFSF4 211kb from PRDX6 - 0.25 8.19x10
-12

 Add Obs 1.43 (1.29-1.58) A/C 

rs4916342 1 173347837 172kb from TNFSF4 99kb from PRDX6 - 0.3 8.22x10
-9

 Add Imp 0.75 (0.67-0.82) A/G 

rs16833239 2 191940260 - - STAT4 0.15 9.69x10
-10

 Add Imp 0.67 (0.59-0.76) G/A 

rs11889341 2 191943742 - - STAT4 0.32 8.02x10
-19

 Add Obs 1.53 (1.40-1.69) C/T 

rs12612769 2 191953998 - - STAT4 0.31 2.37x10
-19

 Add Imp 1.59 (1.43-1.75) A/C 

rs13192841 6 137967214 152kb from OLIG3 221kb from TNFAIP3 - 0.13 7.50x10
-3

 Dom Obs 1.23 (1.06-1.43) G/A 

rs5029937 6 138195151 - - TNFAIP3 0.07 3.98x10
-14

 Dom Imp 2.11 (1.74-2.55) G/T 

rs5029939 6 138195723 - - TNFAIP3 0.07 4.09x10
-14

 Dom Imp 2.10 (1.74-2.55) C/G 

rs2230926 6 138196066 - - TNFAIP3 0.07 2.34x10
-14

 Dom Obs 1.93 (1.63-2.28) T/G 

rs9373203 6 138289848 86kb from TNFAIP3 120kb from PERP - 0.37 4.89x10
-6

 Add Imp 1.25 (1.14-1.37) C/T 

rs6922466 6 138444930 16kb from PERP 38kb from KIAA1244 - 0.18 0.297 Dom Obs 1.08 (0.94-1.24) A/G 

rs11185602 7 50299077 100kb from C7orf72 45kb from IKZF1 - 0.33 1.53x10
-16

 Add Imp 0.66 (0.60-0.73) A/G 

rs17552904 7 50318308 120kb from C7orf72 26kb from IKZF1 - 0.33 3.51x10
-16

 Add Obs 0.65 (0.59-0.72) G/T 

rs6964720 7 75180344 - - HIP1 0.24 2.00x10
-10

 Add Obs 1.40 (1.26-1.56) A/G 

rs139110493 7 75209951 - - HIP1 0.06 1.21x10
-12

 Dom Imp 2.48 (1.93-3.19) G/C 

rs4728142 7 128573967 11kb from LOC392787 4kb from IRF5 - 0.14 1.38x10
-11

 Add Obs 1.53 (1.35-1.73) G/A 

rs113478424 7 128575797 13kb from LOC392787 2kb from IRF5 - 0.14 3.97x10
-12

 Add Imp 1.59 (1.39-1.81) 15-mer*/T 

rs922483 8 11351912 - - BLK 0.25 2.00x10
-10

 Add Obs 0.71 (0.64-0.79) T/C 

rs2736345 8 11352485 - - BLK 0.24 7.88x10
-11

 Add Imp 0.70 (0.63-0.78) G/A 

rs10857631 10 49955821 - - WDFY4 0.13 1.67x10
-4

 Add Imp 1.30 (1.13-1.48) A/G 
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A Chr = Chromosome 

B  MAF = Minor allele frequency 
C  Obs/Imp = observed/imputed 
D  CI = Confidence interval 
E  Maj/Min = Major/Minor allele 
*15-mer= CTTAGCTATTGCTC 

  

rs7097397 10 50025396 - - WDFY4 0.37 2.10x10
-9

 Add Obs 1.33 (1.21-1.46) A/G 

rs877819 10 50042951 - - WDFY4 0.16 0.0558 Add Imp 1.13 (1.00-1.28) G/A 

rs10776651 10 50084526 - - WDFY4 0.34 1.54x10
-7

 Add Imp 1.29 (1.18-1.43) C/T 

rs1913517 10 50119054 - - WDFY4 0.31 2.54x10
-5

 Add Obs 1.24 (1.12-1.37) G/A 

rs12576753 11 128304141 None within 500kb 25kb from ETS1 - 0.39 1.74x10
-11

 Add Obs 1.37 (1.25-1.56) C/A 

rs1128334 11 128328959 - - ETS1 0.38 7.17x10
-12

 Add Imp 1.39 (1.26-1.52) G/A 

rs5986948 X 153266172 17.3kb from TMEM187 9.8kb from IRAK1 - 0.24 4.36 x10
-10

 Rec Imp 0.64 (0.56-0.74) C/T 

rs1059702 X 153284192 - - IRAK1 0.26 5.14x10
-10

 Rec Imp 0.65 (0.57-0.74) A/G 

rs2734647 X 153292180 - - MECP2 0.25 7.54x10
-9

 Dom Obs 0.62 (0.51-0.75) T/C 
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Table II: Single locus analysis results for regions genotyped in the replication study.  

Marker 
Region 

Name 
Maj/MinA 

MAFB       

Case / CtrlC 
PGWAS Model OR (95% CID) 

P  

Meta RepE 

Q / I2  

Meta RepE 

OR (95% CID) 

Meta RepE 

P  

Meta 

OverallF 

Q / I2  

Meta 

OverallF 

OR (95%CID) 

Meta Overall 

rs2267828 GTF2IRD1 A/G 0.40 / 0.45 7.02x10-7 Add 0.79 (0.72-0.87) 0.02 0.56 / 0 0.87 (0.77-0.98) 6.46x10-8 0.41 / 0 0.81 (0.76-0.88) 

rs10901656 DOCK1 C/T 0.27 / 0.23 6.91x10-7 Dom 1.39 (1.22-1.58) 0.095 0.6 / 0 1.14 (0.98-1.31) 9.56x10-6 0.23 / 28.72 1.21 (1.12-1.32) 

rs11235667 
FCHSD2-

P2RY2 
A/G 0.07 / 0.11 1.03x10-8 Add 0.59 (0.50-0.71) 0.0014 0.29 / 18.43 0.71 (0.57-0.87) 6.67x10-11 0.14 / 44.37 0.63 (0.55-0.72) 

rs1048257 AHNAK2 T/C 0.34 / 0.39 1.67x10-6 Add 0.79 (0.72-0.87) 0.086 0.29 / 17.06 0.90 (0.80-1.01) 8.66x10-7 0.12 / 47.82 0.82 (0.76-0.89) 

A  Maj/Min = Major/Minor allele 

B  MAF = Minor allele frequency 
C  Case/Ctrl = Case/Control 
D  CI = Confidence interval 
E  Meta Rep =  Meta-analysis for the replication 
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A All variants within this table have been imputed. 
B  CI = Confidence interval 
C MAF = Minor allele frequency 
D  Maj/Min = Major allele/Minor allele 

 

Note:  Tables are in the order they were identified in the stepwise model.  The stepwise results presented in this table are 

for adjusting for all other variants in the table.  For complete results in the HLA region, please refer to Supplementary 

Table 4. 

  

Table III: Single locus and stepwise results for top ten independent HLA associations  

MarkerA Position Upstream Gene Downstream Gene 
Within 

Gene 
MAFB P-value 

OR 

(95%CIC) 
Maj/MinD 

Stepwise  

P-value 

Stepwise OR 

(95%CIC) 

rs116727542 32421227 8.4kb from HLA-DRA 64kb from HLA-DRB5 - 0.1700 6.15x10-24 
0.53 

(0.47-0.60) 
G/A 1.96x10-18 

1.74  

(1.54-1.97) 

rs9273371 32626565 14kb from HLA-DQA1 
675bp from HLA-

DQB1 
- 0.1000 1.18x10-9 

1.61 

(1.38-1.87) 
C/T 8.43x10-5 

1.38  

(1.18-1.63) 

rs114653103 32668846 34kb from HLA-DQB1 40kb from HLA-DQA2 - 0.1200 7.31x10-15 
0.57 

(0.49-0.66) 
G/T 1.81x10-13 

0.50 

(0.41-0.60) 

rs115253455 33100021 43kb from HLA-DPB1 30kb from COL11A2 - 0.1300 4.68x10-7 
0.70 

(0.61-0.80) 
T/A 4.51x10-7 

0.66 

(0.56-0.77) 

chr6:31996524 31996524 - - C4B 0.1700 4.95x10-8 
0.71 

(0.63-0.80) 
C/A 4.87x10-10 

0.64 

(0.55-0.73) 

rs113833333 32594898 37kb from HLA-DRB1 10kb from HLA-DQA1 - 0.4100 2.30x10-5 
0.82 

(0.74-0.90) 
C/T 3.09x10-8 

0.74 

(0.67-0.82) 

rs116427960 31319226 79kb from HLA-C 2.4kb from HLA-B - 0.0081 8.96x10-7 
4.57 

(2.49-8.38) 
C/T 1.69x10-5 

3.17 

(1.87-5.35) 

rs114904515 29362756 20kb from OR12D3 1.7kb from OR12D2 - 0.1000 1.55x10-6 
0.69 

(0.60-0.80) 
C/T 5.70x10-6 

0.67 

(0.56-0.79) 

rs118044183 30954150 - - MUC21 0.1200 3.61x10-6 
1.50 

(1.27-1.79) 
C/T 1.39x10-4 

1.39 

(1.17-1.64) 

rs2736191 31560910 ~150bp from NCR3 22kb from AIF1 - 0.3800 7.53x10-7 
0.79 

(0.71-0.86) 
C/G 1.01x10-4 

0.81 

(0.73-0.90) 
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Table IV: : Multi-locus model of HIBAG-imputed HLA dosages, single locus and stepwise results   

 

 Dosage Frequency Best Guess Count     

HLA Allele Cases Controls Cases Controls OR 

(95% CIA) 

Single Locus 

P-value 

Stepwise 

P-value 

Stepwise 

OR  

(95%CIA) 

DQB1*0602
B
 0.25 0.15 301 636 1.90 

(1.62 - 2.21) 

5.55x10
-16

 1.93x10
-23

 2.35 

(1.99 – 2.78) 

DRB1*0803 0.20 0.13 251 613 1.59 

(1.34 - 1.88) 

7.37x10
-8

 7.63x10
-16

 2.14 

(1.78 - 2.58) 

DQB1*0202 0.18 0.12 212 502 1.60 

(1.35 - 1.90) 

7.57x10
-8

 2.19x10
-18

 2.50 

(2.04 - 3.07) 

DQA1*0302 0.19 0.16 286 847 1.41 

(1.15 - 1.75) 

1.27x10
-3

 4.92x10
-9

 1.98 

(1.58 - 2.50) 

B*0801 0.02 0.004 20 14 5.43 

(2.66 - 11.08) 

3.42x10
-6

 5.15x10
-6

 5.71 

(2.70 -12.07) 

DQA1*0401 0.04 0.03 54 133 1.73 

(1.17 - 2.57) 

5.94x10
-3

 3.11x10
-5

 2.36 

(1.58 - 3.54) 

C*0702 0.22 0.17 261 711 1.37 

(1.17 - 1.59) 

5.45x10
-5

 2.06x10
-3

 1.30 

(1.10 - 1.54) 

DRB1*0406 0.03 0.07 41 354 0.15 

(0.09 - 0.26) 

2.63x10
-11

 1.11x10
-4

 0.32 

(0.18 - 0.57) 

DPB1*0501 0.79 0.72 930 3092 1.16 

(1.05 - 1.28) 

2.87x10
-3

 1.06x10
-4

 1.23 

(1.11 - 1.36) 

DRB1*1602 0.03 0.02 38 87 1.78 

(1.16 - 2.72) 

7.73x10
-3

 1.53x10
-3

 2.05 

(1.32 - 3.20) 

DPB1*1701 0.03 0.04 41 160 0.90 

(0.62 - 1.30) 

5.66x10
-1

 1.07x10
-3

 0.5 

(0.33 - 0.76) 

C*0102 0.29 0.32 359 1429 0.88 

(0.77 - 1.01) 

6.51x10
-2

 5.82x10
-3

 0.82 

(0.71 - 0.94) 



133 
 

 

 

A  CI = Confidence interval 
B  The allele HLA-DRB1*1501 had the same P-value as HLA-DQB1*0602, but the later was selected by the stepwise 

modeling procedure.  For complete results, please refer to Supplementary Table 5. 

 

Note:  Tables are in the order they were identified in the stepwise model.  The stepwise results presented in this table are 

for adjusting for all other variants in the table 

 

 

DRB1*1202 0.04 0.07 39 266 0.52 

(0.37 - 0.74) 

2.98x10
-4

 7.07x10
-3

 0.61 

(0.42 - 0.87) 
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